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Abstract 

Moving in a complex and dynamic environment requires continuous processing of 

different sources of information.  Optimal feedback control (OFC) is a theory of motor control 

that predicts how information updated by sensory feedback should be integrated into motor 

commands for voluntary actions. This theory emphasizes that sensory feedback is critical for 

motor actions and should be flexibly used in accordance with the behavioural goal. In this thesis 

we tested several key predictions from OFC about how sensory feedback should be integrated.  

Our first study (Chapter 2) examined how corrective actions to visual feedback of the 

limb (cursor) were impacted by properties of goal and the environment.  Our results indicate that 

the motor system processes visual feedback using two processes, an early process starting 90ms 

after a disturbance reflecting spatial redundancies of the goal, and a later process starting 120ms 

after a disturbance reflecting environmental obstacles.  

Our second study (Chapter 3) examined if goal shape influences how monkeys correct for 

sensory errors.  We found goal shape influenced corrective responses to mechanical and visual 

disturbances of the limb starting 70ms and 90ms after the disturbance, respectively.  

Our third study (Chapter 4) examined the organization of different sources of sensory 

feedback to primary motor cortex (M1), an area involved with performing feedback control. 

Vision typically provides the only source of sensory input about behavioural goals whereas 

proprioception and vision provide sensory inputs about the limb.  As predicted from OFC we 

found limb and goal feedback targeted virtually the same neurons in M1 and generated similar 

patterns of activity.   

Our fourth study (Chapter 5) tried to unify two competing views about M1.  OFC views 

M1 as a feedback controller relying heavily on sensory feedback for control. In contrast, a recent 
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theory suggests M1 behaves like an autonomous dynamical system with little influence from 

sensory input based on observations of rotational dynamics in M1. We show that rotational 

dynamics are present in feedback control networks indicating  rotational dynamics are not unique 

to autonomous dynamical systems. 

Collectively, these studies provide insight into how the motor system integrates sensory 

feedback at the behavioural and neural circuit levels.  
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1.1 Motivation 

 Moving and interacting in a complex and dynamic environment requires rapidly 

integrating multiple difference sources of information.  For example, reaching for a cup 

requires information about its spatial location in the environment as well as information 

about the current location of the hand.  This information is continuously updated during 

the execution of the action so that unexpected changes in the locations of the cup or hand 

can be corrected. Furthermore, how we correct can also depend on information about the 

geometric properties of the goal. For example, when reaching for a narrow cup the motor 

system may correct completely for a limb displacement, whereas when reaching for a 

wide goal such as a paddle or pole, the motor system may not correct at all and instead 

reach for a new location on the paddle. 

 Optimal feedback control (OFC) has provided a theoretical framework for 

interpreting how these different sources of information may be combined for motor 

control.  OFC recognizes that there is uncertainty in motor actions due to noise in the 

motor system and from the dynamical nature of the environment and thus continuously 

uses sensory feedback to monitor and update motor actions.  Critically, a prediction of 

OFC is that how errors detected by sensory feedback are corrected should depend on the 

current behavioural goal. 

 This thesis will explore how visual and proprioceptive feedback can be flexibly 

used for online control in both human and nonhuman primates (monkeys). This thesis 

will also cover how proprioceptive and visual feedback may be integrated by cortical 

circuits to generate goal-directed actions.  Lastly, we examine the dynamics of cortical 

activity in response to sensory feedback to examine whether rotational dynamics are 
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consistent with a feedback controller. In the Introduction I will review the theory of OFC 

and the behavioural studies that this theory has inspired.  I will also explain the key 

predictions from OFC about how proprioceptive and visual information may be 

combined for motor actions.     

1.2 Theories of motor control 

1.2.1 Servo control 

Servo control was an early theory of voluntary control that emphasized online processing 

of sensory feedback (Merton, P A, 1953; Marsden et al., 1972, 1976).  Servo control predicted 

that the motor system generated movement by continuously comparing the sensory estimate of 

the limb’s current position with a desired limb position (e.g. at a goal). This comparison 

generated an error signal that was converted to muscle commands by scaling the error signal by a 

constant feedback gain.  However, a major criticism of servo control was that the inherent 

transmission delays in sensory feedback would lead to unstable and oscillatory dynamics 

following an unexpected perturbation (Hogan et al., 1987; Scott, 2008; Crevecoeur and Scott, 

2013). As a result, servo controller’s required low feedback gains to prevent the system from 

going unstable (Hogan et al., 1987; Kawato, 1999). Low feedback gains resulted in controllers 

with slow, sluggish behaviour unlike what was observed during voluntary movements and thus 

feedback control was largely dismissed as a theory of voluntary control.  

1.2.2 Feedforward control 

The failure of servo control prompted theories of voluntary control that focused 

on pre-planning movements rather than relying on online sensory feedback (Flash and 

Hogan, 1985; Uno et al., 1989; Harris and Wolpert, 1998). These feedforward controllers 

planned a trajectory from the current limb position to the goal that optimized a desired 

cost function.  These cost functions balanced behavioural performance, such as ending 
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the reach at the intended goal, with performing smooth movements that minimized the 

excessive movement jerk (Flash and Hogan, 1985) or torque-changes (Uno et al., 1989).  

The resulting trajectory was then converted to the appropriate sequence of muscle 

commands using an internal model of the limb (inverse model; Kawato, 1999).  During 

movement generation, these controllers relayed the pre-planned motor commands to the 

muscles.  Meanwhile, sensory feedback played only a minor role of correcting for 

deviations from the pre-planned trajectory (Schweighofer et al., 1998).  These controllers 

could successfully generate point-to-point reaching movements that were comparable to 

trial-averaged movements generated by humans (Flash and Hogan, 1985; Uno et al., 

1989). However, a major limitation of feedforward controllers was that they could not 

capture the substantial trial-by-trial variability of human movement (Scholz et al., 2000; 

Todorov and Jordan, 2002; Knill et al., 2011).   

1.2.3 Optimal feedback control 

Recently, optimal feedback control (OFC) has emerged as a theory for voluntary 

control (Todorov and Jordan, 2002; Scott, 2004; Shadmehr and Krakauer, 2008). This 

theory was inspired by how humans can 

successfully perform motor actions despite the large variability in how the motor action is 

performed across repetitions.  

A key element of these controllers is the state estimator. The state of the limb 

refers to a collection of variables that specify the limb’s position and velocity in space 

along with other relevant variables needed for control.  The role of the state estimator is 

to optimally estimate the limb state using internal feedback and sensory feedback.  

Internal feedback is provided by an efference copy of the outgoing motor commands that 
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is combined with a forward model of the limb to predict the current limb state.  The 

optimal limb estimate is then generated by combining a weighted sum of the predicted 

limb state and the delayed sensory feedback about the limb state (proprioception and 

vision).  The estimate is optimal as the resulting limb estimate has the lowest possible 

uncertainty given the noise in the predicted limb estimate and sensory feedback.  

 Optimal feedback controllers also implement a control policy that maps the 

current state estimate to the required motor commands using a set of feedback gains.  

These feedback gains are optimized for the current behavioural goal by minimizing a cost 

function that balances behavioural performance with motor costs such as excessive 

muscle activity. Penalizing muscle activity allows for efficient use of energy while also 

reducing the impact of motor noise (Diedrichsen et al., 2010). Importantly, unlike servo 

controllers, optimal feedback controllers utilize a high feedback gain as the state 

estimator provides a state estimate that combines the predicted estimate of the current 

limb state (i.e. zero feedback delay) along with delayed sensory feedback (Wolpert et al., 

1995; Miall and Wolpert, 1996; Crevecoeur and Scott, 2013). Thus, these controllers can 

operate with a gain large enough to generate human-like movements while still taking 

advantage of the new information provided by sensory feedback.  

 A major feature of optimal feedback controllers is how they exploit redundancies 

in the limb or task structure to attain the current behavioural goal (Todorov and Jordan, 

2002).  For example, reaching to a goal can be achieved by many different (redundant) 

trajectories. For OFC controllers, the optimal trajectory to the goal can differ on any 

given trial depending on how the limb is deviated by motor noise or the environment.  As 

a result, corrections for kinematic errors are made towards the goal along a new trajectory 
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rather than directed back to the original trajectory like feedforward controllers.  This 

allows the controllers to correct for kinematic errors over a longer duration of time, thus 

reducing the size of the corrective motor command.  This is advantageous as motor noise 

scales with the size of the motor output (i.e. signal-dependent noise; Jones et al., 2002) 

and thus smaller motor commands lead to less motor noise and less uncertainty in the 

limb state.  

 Given the spatial redundancy of the goal, some kinematic errors may not even 

require a correction.  For example, consider the problem of reaching for a spatially 

redundant goal such as a wide rectangular target (Knill et al., 2011; Nashed et al., 2012). 

Kinematic errors that deviate the limb parallel to the target’s wide axis do not require a 

corrective action as ending the reach at any location along the target still counts as a 

successful reach.  Correcting for the kinematic errors leads to unnecessary motor output 

that increases energy expenditure (i.e. less efficient control) and worse, can introduce 

motor noise that results in kinematic errors that are detrimental to task success. 

Optimal feedback controllers must also account for environmental constraints that 

limit the possible trajectories to the goal.  For example, obstacles placed along a path to 

the goal reduce the possible reach trajectories to the goal. The controller may even 

intentionally deviate the reach trajectory away from the obstacles as a precaution to avoid 

collision and may try to minimize the trajectory variability when passing near the 

obstacles (Trommershäuser et al., 2005; Nashed et al., 2012).   

1.3 Voluntary behaviours and feedback responses are sensitive to task redundancies 

Voluntary movements also exploit redundancies similar to optimal feedback 

controllers.  Several studies compared how spatial redundancy influences reach 
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trajectories by having participants reach for either a narrow square goal or a wide 

rectangular goal (Knill et al., 2011; Nashed et al., 2012; Keyser et al., 2017, 2019; 

Lowrey et al., 2017).  They found participants exhibited greater trial-by-trial variability in 

their reach endpoints when reaching for the wide goal. Importantly, the variability was 

structured with greater variability in the reach endpoints along the wide axis of the goal 

than the narrow axis. These findings are consistent with flexibly correcting for kinematic 

errors during movement execution, however, an alternative possibility is that they may 

reflect pre-planned variability in the limb’s trajectory.  Probing sensory feedback using 

external disturbances applied to the limb provide a more direct method of determining if 

sensory feedback is flexibly used during movement execution.  

1.3.1 Rapid motor responses to proprioceptive feedback of the limb 

A common method for probing sensory feedback is to apply a mechanical load 

that physically displaces the limb.  The limb displacement is then sensed by 

proprioception in the form of muscle spindles, Golgi tendon organs and joint receptors.  

Muscle responses to correct for the load can occur in as little as ~20ms after the load 

onset and are sensitive to different behavioural contexts starting at ~60ms (Hammond, 

1956; Lee and Tatton, 1975; Rothwell et al., 1980; Crevecoeur et al., 2013; Scott, 2016; 

Lowrey et al., 2017).  Nashed et al., (2012) used mechanical loads to probe how spatial 

redundancy impacted feedback responses and found participants corrected less for the 

mechanical loads when the goal was more spatially redundant (i.e. wide rectangle). 

Further, muscle responses evoked by the mechanical loads differentiated based on the 

spatial redundancy of the goal starting ~60ms after the load onset.  Other studies have 

replicated and extended these findings to different tasks (Crevecoeur et al., 2013), 
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effectors (Lowrey et al., 2017), and proprioceptive perturbations (Keyser et al., 2019).  

Thus, the motor system flexibly corrects for kinematic errors relayed by sensory feedback 

to exploit goal redundancy consistent with OFC. 

Muscle responses to mechanical loads are also sensitive to task constraints that 

limit the possible trajectories the limb can take to a goal.  Nashed et al., (2012) had 

participants reach to a wide rectangular goal in an environment where two obstacles were 

placed on either side of the direct path between the starting position and the center of the 

goal.  Mechanical loads were applied that pushed the participant’s limb lateral to the 

direct path and into the direction of the obstacles.  Participants generated large corrective 

responses to the mechanical loads when the obstacles were present and largely ignored 

the displacement caused by the mechanical loads when the obstacles were absent due to 

the spatial redundancy of the goal. Muscle activity reflecting these different corrective 

responses started ~60ms after the applied load. 

Collectively, these studies highlight how corrective responses to mechanical loads 

are sensitive to contexts where redundancies are increased or constrained. Importantly, 

the different corrective strategies emerge rapidly with differences in muscle activity 

starting ~60ms after a mechanical disturbance. 

1.3.2 Rapid motor responses to visual feedback of the limb 

These studies and many others have demonstrated how proprioceptive feedback is 

flexibly used by the motor system that is consistent with OFC.  However, far less is 

known about how visual feedback of the limb may be flexibly used by the motor system.   

Vision provides highly precise feedback about the hand’s location in space and thus has a 

substantial influence on the precision and accuracy of motor actions including for 
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reaching behaviours (Bock and Eckmiller, 1986; Rossetti et al., 1995; Sober and Sabes, 

2003). 

Studies often represent the visual feedback of the hand as a cursor placed at the 

index fingertip.  An unexpected jump in the cursor’s position during reaching can evoke a 

motor correction with changes in muscle activity starting within ~90ms with a 

corresponding change in limb’s trajectory starting within ~120ms (Brenner and Smeets, 

2003; Saunders and Knill, 2003; Franklin and Wolpert, 2008; Dimitriou et al., 2013).   

There is evidence that this early corrective response is flexible to behavioural 

contexts including goal redundancy (Franklin and Wolpert, 2008; Franklin et al., 2014; de 

Brouwer et al., 2017).  Knill et al., (2011) had participants reach to a narrow and wide 

goal and jumped the cursor’s position during movement.  They found participants 

corrected less for the cursor jump when reaching for the wide goal than the narrow goal, 

consistent with findings using mechanical loads. Kinematic corrections of the limb’s 

trajectory differentiated based on the goal shape starting ~160ms after the cursor jump.   

However, one limitation of this study was that they only measured the kinematic 

changes of the limb’s trajectory making it difficult to determine if the corrective response 

immediately reflected spatial redundancy or required additional time to be expressed. 

Muscle activity can provide a more reliably indicator of when motor corrections reflect 

different behavioural contexts as kinematic signals are affected by the relatively large 

inertia of the upper limb (Cluff and Scott, 2016).  For example, mechanical loads evoke 

muscle responses that reflect the prior instruction and goal redundancy within ~60ms, 

however kinematic signals differentiate for prior instruction at ~120ms and goal 

redundancy at ~180ms (Pruszynski et al., 2008; Nashed et al., 2012).  Thus, it is unclear 
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whether the corrective responses to the cursor jump immediately reflected goal 

redundancy or were delayed.  

Another open question is when environmental constraints such as obstacles alter 

corrective responses to visual feedback of the hand.  In Chapter 2, we address the 

knowledge gap regarding when muscle activity evoked by a cursor jump reflects the 

spatial redundancy of the goal and environmental obstacles.  

1.4 Neural implementation of the rapid motor responses for proprioceptive and 

visual feedback 

 Primary motor cortex (M1) is an area likely involved with generating the control 

policy within the OFC framework.  M1 makes up the largest contribution to the cortico-

spinal tract and even has projections that directly synapse on alpha-motoneurons (Cheney 

and Fetz, 1980; Porter and Lemon, 1993; Kuypers, 2011).  Stimulation in M1 evokes 

movement of the contralateral limb with the lowest stimulation threshold of any cortical 

region (Penfield and Boldrey, 1937; Crammond and Kalaska, 1996; Widener and Cheney, 

1997; Graziano et al., 2002).  Disrupting M1 output can impair movement (Lawrence and 

Kuypers, 1968) and rapid inactivation of M1 can even arrest an ongoing action (Guo et 

al., 2015). Activity in M1 correlates with high- and low-level features of the motor action 

including hand direction (Georgopoulos et al., 1982; Moran and Schwartz, 1999a) and 

speed (Moran and Schwartz, 1999b), as well as muscle activity (Morrow and Miller, 

2003; Heming et al., 2016; Naufel et al., 2019), and force output (Evarts, 1968; Hepp-

Reymond et al., 1999). Activity in M1 can also precede movements for up to several 

seconds and predict movement direction and reaction times consistent with motor 
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planning (Riehle and Requin, 1989; Crammond and Kalaska, 2000; Bastian et al., 2003; 

Afshar et al., 2011; Elsayed et al., 2016; Kaufman et al., 2016).   

 The strong link by OFC between voluntary control and sensory feedback 

processing suggests M1 may also implement the task-dependent muscles responses 

starting 60ms after a proprioceptive disturbance and starting 90ms after a disturbance of 

the visual feedback of the hand.  Below I highlight several lines of evidence that suggest 

M1 is involved with generating these responses. 

1.4.1 Proprioceptive feedback responses in motor cortex 

 There are several lines of evidence that indicate M1’s involvement with 

generating muscle responses to proprioceptive feedback.  First, lesions to M1 can 

severely impact the motor system’s ability to rapidly respond to proprioceptive feedback 

(Marsden et al., 1977; Dietz et al., 1991; Trumbower et al., 2013; Bourke et al., 2015; 

Lowrey et al., 2019).  Patients who have had strokes involving M1 exhibit a reduction in 

muscle activity to mechanical loads starting ~60ms after load onset in the limb 

contralateral to the lesion (Dietz et al., 1991).  Work by Trumbower et al., (2013) also 

indicate that M1 lesions impair the ability of stroke patients to flexibly respond to 

proprioceptive feedback. They had healthy and stroke participants hold their hand at a 

goal while exposed to an environment that was compliant (could easily move around) or 

non-compliant (restoring forces pushed limb back to the goal).  For healthy participants, 

muscle responses to mechanical loads in the non-compliant environment were smaller 

than for the compliant environment with differences arising starting ~60ms after load 

onset.  The smaller response reflects that in the compliant environment the restoring 

forces help compensate for the displacement caused by the load by pushing the limb back 
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towards the goal.  However, stroke patients did not exhibit differences in their corrective 

responses between the environments over the first 120ms after the load onset. Similar 

results were found by Shemmell et al., (2009) who used transcranial magnetic stimulation 

to temporarily inhibit M1 just prior to a mechanical load.  They found inhibiting M1 

prevented participants from adapting their muscle responses in accordance with the 

compliance of the environment.   

Second, there is comparatively short anatomical pathway connecting 

proprioceptors in the periphery to circuits in M1 (Porter and Lemon, 1993).  Nerve fibers 

for proprioceptors of the upper limb ascend the dorsal column of the spinal cord and 

terminate in the main and external cuneate nuclei (Dykes et al., 1982; Hummelsheim et 

al., 1985; Suresh et al., 2017).  Axons from the cuneate nuclei project to the ventral 

posterolateral (VPL) nucleus of the thalamus (Boivie and Boman, 1981). VPL then 

projects to somatosensory cortex including areas 3a, 1 and 2 (Jones, 1986; Porter and 

Lemon, 1993).  VPL has a weaker direct projection to parietal cortex (Cappe et al., 2009; 

Padberg et al., 2009; Mayer et al., 2019), however proprioceptive information is also 

relayed to parietal cortex via connections with somatosensory cortex (Jones et al., 1978).  

Somatosensory and parietal cortices then project to M1 (Jones et al., 1978; Zarzecki and 

Strick, 1978; Zarzecki et al., 1978; Babb et al., 1984; Jones, 1986; Petrof et al., 2015; Mo 

and Sherman, 2019). Thus, there is a direct pathway connecting the periphery to M1 as 

required for generating these rapid muscle responses. 

 Lastly, neurophysiological recordings indicate that M1 rapidly responds to 

proprioceptive feedback with activity patterns that correlate with the corresponding 

muscle activity (Conrad et al., 1975; Evarts and Tanji, 1976; Wolpaw, 1980; Herter et al., 
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2009; Heming et al., 2019). One of the first to record M1 activity to proprioceptive 

feedback was Evarts and Tanji, (1976) where they trained monkeys to hold onto a lever 

that could unexpectedly displace the limb away from the body.  Prior to the displacement, 

a visual cue indicated whether the monkey should counteract the limb displacement 

(“resist”) or to allow the limb to be displaced by the lever (“let-go”). Changes in M1 

activity in response to the mechanical load started within ~20ms after the load onset, 

however this early activity was largely unaffected by the prior cue.  Instead, M1 activity 

differentiated based on the prior cue starting ~40ms after the load onset.  Later studies 

have also demonstrated that M1 responses to proprioceptive feedback can be modulated 

by the spatial location of the goal (Pruszynski et al., 2014), task engagement (Omrani et 

al., 2014), and can account for the physics of the limb (Pruszynski et al., 2011) starting 

~40ms after the onset of a load. Importantly, these M1 responses preceded the 

corresponding muscle activity by ~10ms consistent with the transmission delay between 

cortex and the periphery (Cheney and Fetz, 1984).  Thus, M1 rapidly responds to 

proprioceptive feedback in a task-dependent manner consistent with implementing a 

control policy. 

1.4.2 Visual feedback responses in motor cortex 

As detailed above, there have been many investigations of proprioceptive 

feedback responses in M1. By comparison only a few studies have examined M1 

responses to visual feedback of the limb or goal.  Many assume M1 receives visual 

feedback from primary visual cortex (V1) through the dorsal-parietal pathway (Goodale 

and Milner, 1992; Desmurget et al., 1999; Pisella et al., 2000; Gaveau et al., 2014).  The 

dorsal-parietal pathway may involve direct or indirect connections from V1 to area V6 
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residing near the medial border of the parietal and occipital cortices (Rizzolatti et al., 

1997; Galletti et al., 2001).  V6 projects to area V6a (Bakola et al., 2010; Passarelli et al., 

2011) which in turn has projections to area 5 (Bakola et al., 2013).  Area 5 than directly 

projects to M1 (Strick and Kim, 1978; Johnson et al., 1993, 1996; Dea et al., 2016). 

Alternatively, visual information may reach M1 through frontal circuits which could 

involve a direct projection from V1 to the frontal eye fields which in turn project to 

premotor cortex (Huerta et al., 1987).  Premotor cortex also receives direct input from 

V6a (Marconi et al., 2001).  Thus, visual feedback can reach M1 through many different 

pathways. 

 Disturbances to the visual feedback of the goal and limb also evoke rapid changes 

in activity in M1 (Cisek and Kalaska, 2005; Archambault et al., 2011; Golub et al., 2015). 

Early work by Georgopoulos et al., (1983) had monkeys reach to a goal that could jump 

positions during the execution of the reach and found M1 neurons responded within 60-

100ms after the jump onset. Stavisky et al., (2017) used a similar reaching task except 

now the jump was applied to the visual feedback of the hand (cursor) during the reaching 

movement.  They found changes in M1’s activity started within 80ms after the cursor 

jump. Thus, M1 rapidly responds to visual feedback within 70-100ms and could generate 

the rapid muscle response to visual feedback of the hand starting 90ms after a visual 

disturbance.  

1.4.3 Translating behavioural redundancy tasks into monkeys 

 These studies suggest M1 could underlie the rapid muscle responses to 

proprioceptive and visual feedback that exploit goal redundancy.  However, there have 

been no studies that have explored whether feedback responses in M1 are sensitive to 



 

15 

 

goal redundancy.  One reason has been the difficulty with translating human experiments 

into monkeys where invasive neural recordings are possible. Humans can learn the 

structure of a behavioural task with simple verbal instructions whereas monkeys require 

several months of experience in the task learning by trial-and-error.   

There are also no guarantees that monkeys will understand the task or perform the 

task similar to humans.  For example, Cluff and Scott, (2015) had human participants 

reach to a goal and unexpectedly applied a mechanical load that pushed their limb 

towards the goal. Consistent with OFC, participants did not correct for the limb 

displacement and instead allowed the load to push their limb towards the goal. In 

contrast, Bizzi et al., (1982, 1984) trained monkeys in a similar task and found they 

actively resisted the load. The main interpretation of this behaviour has been that the 

monkeys were trying to correct back to their original trajectory. 

In Chapter 3, we describe a reaching task in monkeys that incorporates spatial 

redundancy of the goal as a first step to address the underlying neural circuits. 

Importantly, we demonstrate that muscles responses to proprioceptive and visual 

perturbations are sensitive to the spatial redundancy of the goal with timing similar to 

humans.  

1.5 Processing multiple sources of information 

 Collectively, the studies above indicate the motor system is capable of flexible feedback 

responses consistent with OFC and that M1 likely plays a vital role in generating these responses.  

However, actions in the real world often require processing of multiple different sources of 

sensory feedback. For example, reaching to a cup (i.e. goal) requires visual feedback of the cup 

along with visual and proprioceptive feedback about the limb. Below we focus on the problem of 
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how an optimal feedback controller combines redundant sources of feedback in the form of 

proprioceptive and visual feedback of the limb.  We will also focus on how these controllers 

combine information about the limb with information about the spatial location of the goal.  We 

then make predictions about how M1 activity should be influenced by these different feedback 

sources if M1 is behaving like an optimal feedback controller.  

1.5.1 Combining redundant information 

 A ubiquitous problem in neuroscience surrounds how the brain combines sensory 

feedback from multiple redundant sources. For example, auditory and visual feedback 

can be used to estimate the location of an object in the environment such as a singing 

bird.  However, each sensory feedback source can only provide an estimate of the 

object’s true location due to inherent sensory noise.  The optimal solution is to combine 

these redundant sources of sensory feedback into a common estimate as the resulting 

estimate has the lowest possible uncertainty (Knill and Pouget, 2004).  Indeed many 

studies have shown that brains are capable of performing near-optimal integration of 

multiple feedback sources when perceiving the environment (Alais and Burr, 2004; Knill 

and Pouget, 2004; Körding et al., 2007; Fetsch et al., 2013). For example, when 

estimating the height of a small ridge on a surface humans can optimally combine visual 

and haptic information (Ernst and Banks, 2002).   

There is also evidence that the motor system can optimally integrate redundant 

sensory sources (van Beers et al., 1999; Sober and Sabes, 2003, 2005; Burns and Blohm, 

2010). Rossetti et al., (1995) had participants reach to a goal while visual feedback of the 

fingertip was displaced using a prism by ~8˚.  They compared how participants reached 

to the goal with a model that assumed the initial position of the hand was updated solely 
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by proprioceptive feedback and thus the prism had no affect on reach endpoints. They 

also compared a model where the initial hand position was updated solely by visual 

feedback and thus the reach endpoints would be shifted by 8˚.  They found participants 

made reaching errors of <4˚ when the prism was present suggesting neither extreme 

model was correct. Instead, their interpretation was that the internal estimate of the hand 

position reflected a multi-sensory integration of sensory sources with a stronger influence 

for proprioceptive feedback over vision.  Although, most studies have largely focused on 

integration during the planning phase of movement, a common assumption has been that 

proprioceptive and visual feedback are integrated into a common limb state for online 

control (Cluff et al., 2015; Crevecoeur et al., 2016). 

 This theory makes a prediction about how each sensory source should be 

organized in M1. Since M1 is involved with generating the control policy, it should 

receive an optimal state estimate of the limb reflecting the combination of proprioceptive 

and visual feedback. Thus, neurons in M1 that respond to proprioceptive feedback of the 

limb should also respond to visual feedback of the limb, and vice versa.  In Chapter 4 we 

explore this prediction by comparing M1’s activity in response to perturbations involving 

mechanical loads (proprioceptive feedback) and cursor jumps (visual feedback of the 

limb).  

1.5.2 Combining limb and goal feedback 

 The motor system must also combine information about the limb and goal to 

generate goal-directed movements.  As mentioned, limb feedback is provided by 

proprioceptive and visual feedback.  In contrast, vision typically provides the only 

sensory source of information about goals in the environment.   
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The control policy combines information about the limb and goal by calculating a 

movement vector defined as the difference between the positions of the goal and limb 

(Rossetti et al., 1995; Buneo et al., 2002; Sober and Sabes, 2003; Pesaran et al., 2006; 

Bremner and Andersen, 2012). The control policy then converts the movement vector to 

the required motor commands to bring the limb towards the goal.   

Several studies provide behavioural evidence that suggest goal and limb feedback 

are continuously combined during movement execution consistent with the computation 

of a movement vector (Yang et al., 2011; Cluff and Scott, 2015).  Mutha et al., (2008) 

examined how a preceding change in the visual location of the goal altered muscle 

responses evoked by a mechanical load.  They found jumping the goal ~100ms before 

applying the mechanical load resulted in a motor correction that was towards the new 

goal’s location rather than the old goal’s location and this change in correction was 

reflected in the muscle activity starting in <100ms.  Dimitriou et al., (2013) found a 

similar result using a goal jump that preceded a cursor jump by 100ms.  They found the 

corrective response for the cursor jump reflected the location of the new goal starting 

~100ms after the cursor jump. Thus, visual feedback of the goal can alter how the motor 

system responds to limb feedback.  

This theory makes the prediction that limb and goal feedback are combined by the 

control policy to calculate a movement vector.  Since M1 implements the control policy, 

limb and goal feedback should converge on the same neurons in M1 for this computation.  

There is also evidence that areas upstream of M1 such as parietal cortex already encode a 

movement vector (Bremner and Andersen, 2012; Piserchia et al., 2017). Thus, neurons in 

M1 that respond to limb feedback (proprioceptive and visual) should also respond to goal 
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feedback (visual).  In Chapter 4 we explore this prediction by comparing M1’s activity in 

response to perturbations of the limb with perturbations of the goal. 

1.6 Rotational dynamics in motor cortex 

So far, the approach has been to view M1 as part of a feedback controller where 

sensory feedback is vital for performance.  However, there is another interpretation of M1 

where it behaves like an autonomous dynamical system where inputs play only a minor 

role, similar to feedforward controllers.  This interpretation emerged from a recent study 

that employed dynamical systems methods to describe the population dynamics in M1 

during reaching (Churchland et al., 2012).  This study fit M1 activity to an autonomous 

dynamical system that predicts future M1 activity (𝑥𝑡+1) based solely on the past (𝑥𝑡) 

population activity ( 𝑥𝑡+1 = 𝑀 ∙ 𝑥𝑡, where M is the transition matrix). They found this 

model captured a substantial amount of M1’s activity and revealed that M1’s dynamics 

exhibited rotational structure at the population level.  In contrast, muscle activity did not 

exhibit rotational dynamics indicating that M1 rotations were not a trivial result of 

encoding muscle activity. 

The dominant interpretation of these rotational dynamics has been that they are a 

signature of an autonomous dynamical system. This interpretation has been supported by 

recurrent neural network models trained to generate the same muscle activity patterns 

observed during reaching (Sussillo et al., 2015).  These networks have strong recurrent 

connections between units and receive external inputs that are simple with an input about 

which pattern to produce and an input about when to initiate movement (GO cue). After 

training, the networks are capable of generating the observed muscle activity and the 

population dynamics of the networks exhibit rotations similar to those observed in M1. 
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Importantly, when generating the muscle activity the networks did not receive any 

external inputs and thus had to generate the activity patterns solely through its recurrent 

connections.  Thus, in this approach, dynamics are largely generated through recurrent 

connections with inputs playing only a minor role in coordinating when and what pattern 

to produce. 

However, the interpretation that M1 behaves like an autonomous dynamical 

system is inconsistent with OFC where M1 is viewed as a feedback controller dependent 

on inputs from sensory feedback and other brain areas. Thus, there are several open 

questions regarding population dynamics in M1. First, will a network behaving like a 

feedback controller also exhibit rotational structure?  What is the population dynamics of 

M1 during a task that requires processing sensory feedback such as correcting for 

mechanical loads? Are intrinsic connections the unique contributors to the observed 

rotational dynamics? In Chapter 5 we investigated these questions by combining 

computational modelling and neurophysiological recordings from M1. 

1.7 Goals of the Thesis 

 The studies described in this thesis approach motor control through the lens of 

optimal feedback control.  This theory predicts that sensory feedback plays a critical role 

in motor control and should be flexibly used according to the current behavioural goal.  

Here, we investigated how visual and proprioceptive feedback influence motor actions 

and processing in M1. Our investigations were conducted in humans and monkeys with 

their upper limb in an exoskeleton (KINARM, Kinarm, Kingston, Ontario).  Feedback 

responses were probed by introducing errors in the visual feedback of the hand, visual 

feedback of the goal, or by applying mechanical loads that displaced the limb. 
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 In Chapter 2 we explored how muscle responses to visual feedback of the limb 

account for goal redundancy and environmental obstacles in humans. Previous studies 

have demonstrated that muscle responses starting <100ms after a mechanical load are 

sensitive to a plethora of behavioural contexts including goal redundancy and 

environmental obstacles. Disturbances to the visual feedback of the limb (cursor) can also 

generate corrective responses with changes in muscle activity starting 90ms after the 

disturbance.  However, it is unclear if this early visual response is modulated by different 

behavioural contexts. We tested the hypothesis that the earliest muscle response to 

visual feedback of the limb is sensitive to goal redundancy and environmental 

obstacles.   

 In Chapter 3 we developed a behavioural task in monkeys that involved exploiting 

goal redundancy.  Previous studies demonstrate that humans can exploit the redundancy 

of a goal when correcting for unexpected mechanical and visual disturbances of the limb.  

Muscle activity evoked by mechanical and visual disturbances reflect the spatial 

redundancy of the goal starting 60ms and 90ms after the disturbance, respectively.  We 

tested the hypothesis that monkeys will also exploit the spatial redundancy of the 

goal during corrective responses to mechanical and visual disturbances with muscle 

activity exhibiting similar timing as humans.  

 In Chapter 4 we investigated how different sensory feedback sources converge on 

M1.  OFC predicts that the motor system should combine redundant sources of sensory 

feedback such as visual and proprioceptive feedback of the limb.  The control policy 

should also construct a difference vector between the spatial location of the goal and the 

limb.  Thus, we tested the hypothesis that sensory feedback about the goal (vision) 



 

22 

 

and limb (proprioception and vision) should influence the same set of neurons in 

M1.  

In Chapter 5, we investigated the population dynamics of M1 activity in response 

to mechanical perturbations of the limb.  Recent studies have identified rotational 

dynamics in M1 during reaching and have interpreted these rotational dynamics as a 

signature of an autonomous dynamical system that generates dynamics through strong 

recurrent connections between neurons.  However, this interpretation is inconsistent with 

interpreting M1 as a feedback controller where inputs to M1 from sensory feedback and 

other brain areas are critical for performance.  In Chapter 5 we used computational 

modeling along with neurophysiology to test the hypothesis that systems behaving 

like a feedback controller also exhibit rotational dynamics.  
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Chapter 2 

Visual feedback processing of the limb involves two distinct processes 
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2.1 Abstract 

Muscle responses to mechanical disturbances exhibit 2 distinct phases: a response 

starting at ~20ms that is fairly stereotyped, and a response starting at ~60ms modulated 

by many behavioural contexts including goal-redundancy and environmental obstacles.  

Muscle responses to disturbances of visual feedback of the hand arise within ~90ms. 

However, little is known if these muscle responses are sensitive to behavioural contexts.  

We had 49 human participants (27male) execute goal-directed reaches with visual 

feedback of their hand presented as a cursor. On random trials, the cursor jumped 

laterally to the reach direction, and thus, required a correction to attain the goal.  The first 

experiment demonstrated that the response amplitude starting at 90ms scaled with jump 

magnitude, but only for jumps <2cm. For larger jumps, the duration of the muscle 

response scaled with the jump size starting after 120ms.  The second experiment 

demonstrated that the early response was sensitive to goal redundancy as wider targets 

evoked a smaller corrective response.  The third experiment demonstrated that the early 

response did not consider the presence of obstacles, as this response routinely drove 

participants directly to the goal even though this path was blocked by an obstacle. 

Instead, the appropriate muscle response to navigate around the obstacle started after 

120ms.  Our findings highlight that visual feedback of the limb involves 2 distinct 

phases: a response starting at 90ms with limited sensitivity to jump magnitude and 

sensitive to goal-redundancy, and a response starting at 120ms with increased sensitivity 

to jump magnitude and environmental factors. 
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2.2 Introduction 

An impressive feature of our motor system is the ability to move and interact in a 

complex world such as the act of reaching for a cup.  If our arm is unexpectedly bumped, 

the motor system uses visual and proprioceptive feedback to generate corrective 

movements to reach and even re-orient the hand to grasp the cup handle.  However, how 

we correct must consider many factors related to the cup (behavioural goal) and the 

presence of other objects such as a vase near the cup (environment). 

Recent studies have explored how quickly participants can incorporate 

behavioural contexts (e.g. goal or environment) when correcting for mechanical loads 

(Franklin and Wolpert, 2011; Shemmell, 2015; Scott, 2016). The earliest muscle response 

arises 20ms after applying an unexpected load, and is modulated by the size of the 

displacement (Gottlieb and Agarwal, 1980; Jaeger et al., 1982; Crevecoeur et al., 2012).  

However,  it is inflexible to many task constraints (but see Weiler et al., 2019) and the 

speed of this response  would indicate that it could only be generated by the spinal cord 

(Scott, 2016).  In contrast, the long-latency response starting at ~60ms is modulated by 

many contexts (Marsden et al., 1981; Shemmell et al., 2009; Scott, 2016). For example, 

participants correct less to a load when reaching for a wide goal than a narrow goal 

(Nashed et al., 2012; Lowrey et al., 2017).  Muscle activity reflecting this difference 

begins in the long-latency epoch. Similarly, to avoid obstacles participants can increase 

or decrease muscle responses starting in the long-latency epoch (Nashed et al., 2012, 

2014). Frontoparietal circuits are likely involved in generating the long-latency response 

as they respond to proprioceptive feedback in a context-dependent manner (Evarts and 

Tanji, 1976; Wolpaw, 1980; Chapman et al., 1984; Omrani et al., 2016). 
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Far less is known about how behavioural context influences processing of visual 

feedback of the hand, often represented by a cursor.  A jump of the cursor can generate 

muscle responses ~90ms after the jump  (Brenner and Smeets, 2003; Saunders and Knill, 

2004; Franklin and Wolpert, 2008). Kinematic responses scale with the jump size 

(Veyrat-Masson et al., 2010; Franklin et al., 2016), however, scaling of the muscle 

response amplitude has only been observed when cursor errors occur frequently and are 

task relevant (Franklin et al., 2014).  Furthermore, few studies have examined if this 

muscle response is sensitive to behavioural contexts. 

Several groups assume the earliest muscle response to a cursor jump is generated 

by frontoparietal circuits (Knill et al., 2011; Dimitriou et al., 2013; Franklin, 2016; Scott, 

2016) that are also involved in generating long-latency responses.  This is supported by 

studies showing slowed corrective responses to a visual disturbance when parietal cortex 

is lesioned (Desmurget et al., 1999; Pisella et al., 2000; Reichenbach et al., 2011). Thus, 

the 90ms response for cursor jumps should parallel the complexity of the 60ms long-

latency response for a mechanical load.  

Alternatively, studies investigating visual jumps of the goal have suggested a two-

phase corrective response, with an early response insensitive to an instruction that 

required a change in spatial goal (Day and Lyon, 2000).  Instead, participants required 

~40ms to incorporate this instruction.  This delay resembles a time penalty for changing 

goals when a mechanical load is applied, with muscle responses starting at 75ms, not 

60ms (Nashed et al., 2014). Furthermore, studies suggest that visual feedback of the hand 

and goal are represented separately (Brenner and Smeets, 2003; Reichenbach et al., 
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2014; Franklin et al., 2016), limiting the inference one can make between responses for 

cursor and goal jumps. 

We performed three experiments to explore the earliest muscle response to: the 

magnitude of a cursor jump, goal-redundancy, and environmental obstacles.  Our data 

revealed two phases in the muscle response to visual feedback: one that started at 90ms 

sensitive to goal redundancy but limited modulation for jump magnitude, and a response 

that started after 120ms that reflects environmental obstacles and stronger modulation for 

jump magnitude.  

  



 

38 

 

2.3 Methods 

Participants.  A total of 49 individuals (18-30 years-old: 27 males) participated in 

1 of 3 experiments.  All participants were right-handed, had no neurological impairments 

and gave written consent according to a protocol approved by the Queen’s University 

Research Ethics Board.  One participant completed both Experiment 2 and Experiment 

3B, a second participant completed Experiment 1B and Experiment 3A and a third 

participant completed Experiment 1B and 3C. 

Apparatus. All experiments involved participants making goal-directed reaches 

while seated with their arm supported in a robotic exoskeleton (KINARM, BKIN 

Technologies, Kingston, Canada) that maintained the arm in the horizontal plane and 

could apply mechanical loads to the elbow and shoulder joints (Scott, 1999; Singh and 

Scott, 2003).  The device included a virtual reality system that presented spatial goals and 

visual feedback of the limb (white cursor at index finger, radius 0.5cm) in the horizontal 

workspace. 

Experiment 1: Influence of cursor jump magnitude on muscle response.  This 

experiment tested whether the muscle response scales with the size of the cursor jump.  

At the start of the trial, participants stabilized their hand inside a start target (radius 

0.8cm). After a random hold period (1-1.5s), a goal (radius 1cm) would appear 15cm 

directly in front of the participant (Fig. 2.1A).  Participants had 400-800ms to reach the 

goal once it appeared and the goal would change color at the end of the reach to blue or 

red if the participant was too slow or fast, respectively.  On random trials, the cursor was  
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Figure 2.1  Experimental Set-up.   

A) All experiments had participants make 15cm goal-directed reaches. Visual feedback 

of the hand was presented as a white cursor (radius=0.5cm). On 33-50% of trials, when 

the participant was 5cm from the start target, the cursor would jump laterally (inset). B) 

Set-up for Experiment 2 for reaches to the narrow (blue radius=1cm) and wide goal (red 

width=1cm, length=14cm). C) Set-up for Experiment 3A for reaches without and with 

obstacles requiring whole-limb extension movement to avoid the obstacles.  Obstacles 

were placed 4cm on either side of the straight path from the start and goal. 
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jumped laterally to the reach direction after participants moved 3cm from the start target. 

However, due to delays in the projection system, the cursor jump occurred ~5cm into the 

reach.  The exact timing of the jump was identified using the VSYNC output of the video 

card that allowed us to determine when the video monitor would refresh its screen.  We 

also calculated the constant delay between when the video card sent a frame and when 

the display actually displayed it by mapping the latency of the display updates using 

photodiodes. We could predict display update within ±2ms (95% CI).  In Experiment 1A, 

cursor jumps were ±2, ±5 and ±8cm. In Experiment 1B, cursor jumps were ±0.5, ±1, ±2 

and ±8cm.   Ten individuals participated in Experiment 1A and a separate ten individuals 

participated in Experiment 1B. 

We relaxed timing constraints for trials with cursor jumps, giving individuals an 

additional 300ms to complete their reach.  Cursor jumps were presented on 50% of trials 

and participants completed 30 successful reaches for each perturbation for a total of 360 

and 480 successful trials for experiment 1A and 1B, respectively.   

A constant flexion load of 0.5 and 1.0Nm was applied to pre-excited elbow and 

shoulder extensor muscles, respectively, and was present for the entire session (Figure 

2.2F). Participants completed 60-100 practice trials to familiarize themselves with the 

task, its constraints and adapt to the background loads.  

Experiment 2: Influence of goal redundancy on muscle response.  These 

experiments examined how goal redundancy modulates the muscle response, as in our 

studies with mechanical loads (Nashed et al., 2012; Lowrey et al., 2017).  The experiment 

was identical to Experiment 1 except participants reached for either a narrow, circular dot 

with a radius of 1cm or a wide, rectangular bar with a width of 14cm and height of 1cm 
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(Figure 2.1B). Narrow and wide goals were interleaved randomly within a block. Cursor 

jumps of ±2 or ±8cm occurred on 50% of trials and randomly interleaved.  Participants 

completed 30 successful trials for each perturbation size for a total of 480 successful 

trials. Nine participants participated in Experiment 2. 

Experiment 3: Influence of obstacles on muscle response.  These experiments 

examined how environmental obstacles in the workspace modulate the muscle response 

to cursor jumps.  The experiment was identical to Experiment 1 except rectangular 

obstacles were positioned ±4cm (except in Experiment 3C) lateral to a straight line 

between the start and goal (Figure 2.1C). On random trials, the cursor was jumped 

(±8cm), and thus, the obstacle now blocked a direct path to the goal.  In Experiment 3A, 

the position of the obstacle required the participant to reach past the goal to avoid hitting 

the obstacle (whole-limb extension) (Figure 2.1C), whereas in Experiment 3B and C the 

position of the obstacle required the participant to return the hand back towards the start 

target to avoid the obstacle and reach the goal (whole-limb flexion).  In Experiment 3C 

the obstacles were arranged in a narrow and wide configuration where the right obstacle 

was placed 2cm and 5cm away from a direct line between the start and goal locations.  

Trials were immediately stopped if the cursor collided with the obstacles and required 

participants to repeat the trial at the end of the block.  No-obstacle and obstacle trials 

were interleaved randomly within a block.  Cursor jumps were presented on 30% of trials 

and participants completed 360 successful reaches for Experiment 3A and B.  To reduce 

fatigue, participants only completed 25 blocks for Experiment 3C resulting in 450 

successful reaches.  Experiment 3A and B had eight participants each and Experiment C 

had seven. 
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Muscle Recordings.  Electromyography (EMG) from the posterior deltoid (PDelt), 

and the lateral head of the triceps (TLat) were recorded using bipolar surface electrodes 

(Nashed et al., 2012; Cluff and Scott, 2013, Delsys, Natwick MA, USA ).  Alcohol swabs 

were used to lightly abrade the skin over the muscle belly prior to electrode placement 

and a ground electrode was placed on the elbow.  EMG signals were amplified (gain 104, 

Delsys Bagnoli 8 Channel System) and digitized at 1 KHz.   

Data Analysis.   

Kinematic analysis.  Angular position and velocity were digitized at 1KHz and 

low-pass filtered with a 3rd order, zero-phase lag, 20Hz Butterworth filter.  Differences of 

each participant’s mean lateral velocity for left and right cursor jumps of the same 

magnitude (i.e. +8 and -8cm) was averaged in two epochs: 180-230ms and 230-280ms, 

which coincide with earlier studies  (Franklin and Wolpert, 2008; Dimitriou et al., 2013; 

de Brouwer et al., 2017; Franklin et al., 2017).  Reach endpoints were determined on a 

trial-by-trial basis by finding the first time point the hand speed fell below 5% of its 

maximum.   

Muscle analysis. On cursor-jump trials we aligned the trials to when the jump 

occurred and filtered with a 3rd order, zero-phase lag, Butterworth filter with a pass band 

of 20-450Hz, and then full-wave rectified.  We further low-pass filtered muscle signals 

with a 6th order, zero-phase lag, 50Hz Butterworth filter to reduce variance (Corneil et al., 

2004; Saijo et al., 2005; Lowrey et al., 2017).  For no-jump trials, we aligned the trials to 

the time when a jump would have occurred and followed an identical filtering procedure.  

The no-jump and cursor-jump trials were trial averaged separately. Then, the no-jump 

time-series was subtracted from the cursor-jump time-series yielding the change in EMG 
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for each participant (ΔEMG). We then normalized each participant’s muscle activity by 

the mean activity in an initial set of trials where the participant maintained their hand 

inside a target while resisting a ±1Nm elbow or shoulder mechanical load and then 

averaged across trials.   For each participant we then binned the ΔEMG into an early 

epoch 90-120ms and a late epoch 120-180ms coinciding with previous reports (Dimitriou 

et al., 2013; Franklin et al., 2014; Gu et al., 2016).  

Statistical Analysis 

ROC analysis. We used receiver-operator characteristic (ROC) analysis (Corneil 

et al., 2004; Pruszynski et al., 2008) to identify when kinematic and muscle responses to 

the cursor jump started to diverge across conditions (e.g. narrow vs wide goal) for each 

participant. At each time point, a ROC curve was generated from the two signals of 

interest and we calculated the area under the ROC curve.  The area under the ROC curve 

represents how discriminable the two signals are with 0 and 1 representing perfect 

discrimination and 0.5 representing chance discrimination.  For our kinematic analysis, 

we used a procedure identical to Pruszynski et al., (2008), where a significant separation 

between signals occurred if the area under the ROC curve exceeded a threshold of >0.75 

or <0.25 and was maintained for five consecutive time points. A linear regression was 

then used based on 15 time points centered around the threshold crossing that was 

regressed back to find the ROC knee at 0.5.   

As muscle responses tended to be noisier than kinematic signals, we lowered the 

significance threshold to >0.7 or <0.3 which had to be maintained for at least 8 of the 

next 10 time points (1ms each) (Corneil et al., 2004; Gu et al., 2016; Pruszynski et al., 

2016). The ROC knee was defined by looking backwards in time starting from the 
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threshold to the first point <0.55 or >0.45 (Pruszynski et al., 2016). To ensure that 

reducing the threshold for muscle activity did not significantly impact our results, we 

estimated a chance level for a false positive rate with a bootstrap procedure. First, we 

randomly sampled with replacement from the no-jump trials of the PDelt for 8 

participants (Experiment 3A) to generate two shuffled samples.  The trials were aligned 

on when a jump would have occurred.  We then calculated the area under the curve at 

each time point for these two shuffled samples and tested whether the ROC curve 

exceeds the thresholds of <0.55 or >0.45. We repeated this procedure 10,000 times to 

estimate the chance level for a false positive.  As time increases, the chance of a false 

positive also increases, thus we focused on the first 200ms after a jump would have 

occurred. We found that the false positive rate within this time frame was  <7%.  By 

comparison, we repeated this analysis using a significance threshold of >0.75 or <0.25 

that was maintained for 8 of 10 consecutive time points and found the false positive rate 

was ~0.5%. 

 For kinematic and muscle responses, the earliest response was detected by 

estimating the time when there was a difference between jump sizes of equal magnitude 

and opposite direction (e.g. +8cm with -8cm).  In Experiment 1, size-dependent timing 

was detected by estimating for each direction when each cursor jump size differentiated 

from the 8cm cursor jump.  In Experiment 2, goal-dependent timing was detected by 

estimating for each direction when narrow and wide goal responses differentiated.  As in 

Experiment 3, obstacle-dependent timing was detected by estimating when no-obstacle 

and obstacle responses differentiated for each direction. 
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Difference Functions. Some timing onsets for kinematic and muscle activity could 

not be detected at the individual level (e.g. Exp 1A when 5cm jumps differentiated from 

8cm jumps) requiring a group level analysis.  However, we found that ROC analysis on 

group level data tended to estimate onsets that were unphysiological (<60ms for the 

earliest muscle response to a cursor jump), likely reflecting the small group sample (e.g. 

n=7 for Exp 2) used to construct the ROC curve.  Instead, we opted to estimate onsets at 

the group-level using Difference Functions which we found were consistent with onsets 

estimated using ROC analysis at the individual level when it was available.  For each 

participant, we calculated the difference in mean muscle activity between different 

conditions and group averaged the resulting time series (Omrani et al., 2016).  We 

defined a threshold of ±3SD from mean baseline activity (100ms prior to perturbation) 

and found the first time point to exceed this threshold for 20 consecutive milliseconds 

following the disturbance. We estimated the variability in this metric using a bootstrap 

procedure, in which we generated a new group-level Difference function from randomly 

sampling participants with replacement.  The new onset was calculated from the 

Difference function and this procedure was repeated 1000 times. We only included 

samples that had an onset between 50 and 300ms and times are only reported in Table 1 

if >50% of bootstrapped onsets were between this time interval. 

Onset analysis.  All ANOVAs and t-tests were calculated using SPSS version 24 

(IBM, New York). All size-dependent and context-dependent onset times were averaged 

across the left and right direction to limit bias related to the load (see Results).  In 

Experiment 1, a two-way repeated measures (RM) ANOVA was applied with jump size 

and onset type (earliest and size-dependent as levels) as factors.  Interaction effects were 
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decomposed using separate one-way RM ANOVAs on each onset type with jump size as 

a factor.  If a main effect was significant paired t-tests were used to compare between 

shift sizes. For Experiments 2 and 3, we used a one-way RM ANOVA with 3 levels (i.e. 

earliest muscle response for two different conditions (narrow and wide or obstacle and no 

obstacle) and goal-dependent onset).  If a significant main effect was found, we applied 

paired t-tests with Bonferroni Corrections.   

Epoch analysis on kinematics.  For Experiment 1, we applied a one-way RM 

ANOVA on the binned lateral velocity for each time epoch with jump size as a factor.  If 

a significant main effect was found, we applied paired t-tests with Bonferroni 

Corrections.  In Experiment 2 and 3, we applied paired t-tests to the binned lateral 

velocity in each time epoch between conditions. 

Epoch analysis on muscle activity. In Experiment 1, we applied a two-way RM 

ANOVA that included jump size and direction as factors for each time epoch.  If a 

significant interaction effect was found, we then applied a one-way RM ANOVA for 

each direction with jump size as a factor with a Bonferroni Correction factor.  In 

Experiment 2, we applied a three-way RM ANOVA with jump size, direction and goal 

shape as factors.  If a significant interaction effect was found between goal shape and 

direction, we then applied a two-way RM ANOVA for each direction with jump size and 

goal shape as factors.  If a significant main effect was found for goal shape, we applied 

paired t-tests comparing narrow versus wide goal responses with a Bonferroni Correction. 

In Experiment 3, we applied a two-way RM ANOVA with jump direction and obstacles 

(present or absent) as factors.  If a significant interaction effect was found, we then 
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applied paired t-tests comparing no obstacle and obstacle responses with a Bonferroni 

Correction.  

2.4 Results 

Experiment 1: A Jump Sizes ±2, ±5 or ±8cm, B ±0.5, ±1, ±2 or ±8cm 

Figure 2.2A (black lines) highlights a typical participant’s 15cm reach to a spatial 

goal (radius 1cm) against a static mechanical load that pre-excited shoulder and elbow 

extensors. On random trials, the cursor (white dot radius 0.5cm) would jump in the 

direction that was lateral to the direct path from the start to the end goal (blue lines Figure 

2.2A).  Figure 2.2B shows the participant’s total hand speed and illustrates the rapid 

corrective movement following the cursor jump.  Note the apparent delay between 

correcting for left (dashed) and right (solid) cursor jumps that is likely related to the static 

load that resists corrections for left jumps and assists corrections for right jumps. 

Although small changes in the reach direction velocity could be detected following the 

cursor jump (Figure 2.2C), the corrective movement was mainly in the lateral direction 

(Figure 2.2D, E). Figure 2.2F shows the participant’s Posterior Deltoid (PDelt) activity 

for no-jump and cursor-jump trials. Note, the small drop in activity <100ms after the 

cursor jumped, although this drop was not consistently observed across participants. 

Figure 2.3A highlights the same participant’s hand trajectories in Experiment 1A 

for all 3 different-sized cursor jumps with Figure 2.3B displaying the corresponding 

lateral hand velocities. The onset for the 8cm kinematic correction was detected at 116ms 

(blue arrow) with similar onsets for the 2 and 5cm jumps.  However, estimates of when 

the 2cm jump differentiated from the 8cm jump (size-dependent onset) occurred later 

than  
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Figure 2.2 Exemplary Participant during Experiment 1A.   

A) Exemplary participant’s hand paths for no cursor jump trials (black) and ±8cm cursor 

jumps (blue). B) The same participant’s total hand speed after aligning onto the time of 

the cursor jump. C-E) Same format for B except for reach velocity, lateral velocity, and 

lateral position, respectively. F) Activity of the PDelt for no cursor jump and cursor jump 

trials. Data are plotted as mean and SE. 
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Figure 2.3  Kinematics from Experiment 1A and B.  

A) Hand paths from an exemplary participant in Experiment 1A during no cursor jump 

(black) and cursor jump reaches. Numbers overhead indicate the size of the cursor jump.  

B) Lateral hand velocity from the same exemplary participant.  Blue arrow indicates the 

earliest-corrective movement to a cursor jump (8cm left versus right jump ROC analysis).  

Green and magenta arrows indicate when 2cm and 5cm cursor jump differentiated from 

the 8cm cursor jump, respectively (ROC analysis). Dashed lines mark the 180-230ms and 

230-280ms epochs. C) Group average onset times for each jump size differentiating from 

the 8cm jump (“size-dependent”, open) as well as the earliest-corrective onset (“earliest”, 

filled) in both Experiment 1A (diamond) and B (circle). Note error bars on the earliest-

corrective onset are shaded grey for clarity. D-E) Same format as A-B except for 

Experiment 1B. F) The group average difference between the lateral hand velocity for the 

same magnitude cursor jump but opposite directions (i.e. 2cm minus -2cm) within the 

180-230ms epoch. Data are plotted as mean and SE. * indicates p<0.05.  ** indicates 

p<0.01.  ***indicates p<0.001.   
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the earliest-corrective onset at 212 and 210ms for jumps to the right and left, respectively. 

Correspondingly, differentiation between the 5 and 8cm jumps was detected at 234 and 

254ms for jumps to the right and left, respectively. Similar results were observed across 

the population (Figure 2.3C, diamonds). A two-way RM ANOVA, with onset type 

(“earliest” and “size-dependent” as levels) and jump size (levels: 2 and 5cm) as factors, 

revealed a significant main effect for onset type (F(1,9)=76 p<0.001) and an interaction 

effect (F(1,9)=20 p=0.002).  Note, the 8cm cursor jump was omitted from the ANOVA as 

size-dependent onsets were defined relative to the 8cm jump.  A separate one-way RM 

ANOVA, with jump size (levels: 2, 5 and 8cm) as a factor was applied to the earliest 

onsets and revealed a  main effect (F(2,9)=4.4, p=0.049), but no post hoc test yielded 

significance.  However, a paired t-test confirmed the size-dependent onset of the 2cm 

cursor jump was significantly earlier than the size-dependent onset for the 5cm cursor 

jump (t(9)=3.9, p=0.004).   

Detecting timing onsets can be biased based on the magnitude and variability of 

the response (Oostwoud Wijdenes et al., 2014).  As a result, we binned the average 

difference between the lateral velocities for left and right cursor jumps of the same 

magnitude (i.e. +8cm versus -8cm) into the 180-230ms and 230-280ms epochs (Figure 

2.3F, left and right, respectively).  For the 180-230ms epoch, we found that the lateral 

hand velocity showed no significant scaling with jump size as determined by a one-way 

RM ANOVA with jump size as a factor (F(2,18)=1.2, p=0.3).  In contrast, the lateral 

velocity within the 230-280ms epoch had a significant main effect (F(2,18)=15.1 

p<0.001). Post hoc analysis (plotted in Figure 2.3F right) indicated an increase in lateral 

velocity with shift size in the 230-280ms epoch.  These results are consistent with our 
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onset analysis and suggest that the lateral velocity differentiates >200ms after the cursor 

jump for this range of jump sizes. 

Motivated by the fact that cursor jumps generated similar-sized corrective 

movements in the 180-230ms epoch over the range of tested jump sizes, we conducted a 

second experiment using jumps sizes of ±0.5, ±1, ±2 and ±8cm. Figure 2.3D and E show 

the hand paths and lateral hand velocity of a representative participant for each cursor 

jump size.  For this participant, the earliest corrective onset was detected at 155ms (blue 

arrow), while size-dependent timing began over a range from 170 to 240ms. Across the 

population, we found that the earliest corrective onsets were detected on average in 

<150ms for all jump sizes, whereas the average size-dependent timing ranged from 180-

230ms (Figure 2.3C circles, also see Table 1). A two-way RM ANOVA, with onset type 

and jump size (levels: 0.5, 1, and 2cm) as factors, revealed a significant main effect for 

onset type (F(1,8)=105 p<0.001) and an interaction effect (F(2,16)=10 p=0.002).  A 

separate one-way RM ANOVA, with jump size (levels: 0.5, 1, 2 and 8cm) as a factor, 

was applied to the earliest onset and did not reveal a significant main effect (F(3,24)=1.9, 

p=0.16). A one-way RM ANOVA, with jump size (levels 0.5, 1 and 2cm) as a factor was 

applied to the size-dependent onset timing and revealed a significant main effect for jump 

size (F(2,18)=26.2 p<0.001). Post hoc analysis (plotted in Figure 2.3C) indicated that 

larger jumps resulted in later size-dependent onsets. 

 Figure 2.4A shows the group average change in PDelt activity in Experiment 1A.  

Changes in PDelt activity  to the cursor jumps were calculated by subtracting each 

participant’s PDelt activity on no-jump trials.  For the 8cm cursor jump, changes in PDelt  
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Figure 2.4  Muscle Activity from Experiment 1A and B.   

A) Group average change in muscle response (∆EMG) of the PDelt in Experiment 1A to 

each condition.  Blue arrow indicates time onset of the earliest muscle response (+8cm 

minus -8cm response Difference Functions).  Green and magenta arrows indicate when 2 

and 5cm jumps differentiated from the 8cm jump, respectively (Difference Functions).  

Dashed vertical lines mark the 90-120ms and the 120-180ms epochs. B) Same format as 

A except for Experiment 1B. Cyan, red and green arrows indicate when the 0.5, 1 and 

2cm jumps differentiated from the 8cm jump, respectively. C) The group average muscle 

response in the PDelt inside the 90-120ms epoch for each jump size in Experiment 1A 

(diamond) and B (circle). D) Same format as C) for TLat. E) Same format as C) for 120-

180ms epoch. F) Same format as E) for TLat. 
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activity was detected at 90ms (blue arrow). Similar results were found for the other jump 

sizes as well as for TLat and for Experiment 1B (see Table 1).  

 For Experiment 1A the initial muscle responses did not change with the 

magnitude of the cursor jump. The muscle response for the right (left) 8cm cursor jumps 

displayed a rapid rise (fall) in activity within the first 20ms to a fairly constant plateau. 

The 2 and 5cm jumps followed a similar abrupt onset and plateau.  The change in muscle 

activity for 2cm cursor jumps decreased in absolute magnitude as compared to the 8cm 

cursor jump at 149ms for left jumps (excitation) and 132ms for right jumps (inhibition). 

Correspondingly, the muscle response for the 5cm cursor jump decreased in absolute 

magnitude at 175ms for left jumps and 225ms for right jumps. Similar patterns were 

observed in TLat (see Table 1).  

For Experiment 1B we found that all jump sizes, except for the 0.5cm jump, 

evoked a similar rise or decay in PDelt activity that quickly plateaued (Figure 2.4B).  

PDelt activity reduced in absolute magnitude from the 8cm jump for the 1 and 2cm jump 

at 148 and 147ms for left jumps (excitation) and 125 and 191ms for right jumps 

(inhibition). For the 0.5 cm cursor jumps, we found that muscle activity 

increased/decreased at the same rate as the other cursor jumps however it peaked at a 

smaller plateau.  This resulted in the earliest size-dependent onset we observed at 112ms 

for left jumps (excitation) and 122ms for right jumps (inhibition).  Similar trends were 

observed in TLat (see Table 1). 

We binned EMG responses into an epoch from 120-180ms identical to previous 

work studying visual feedback of the limb (Franklin and Wolpert, 2008; Dimitriou et al., 

2013; Franklin et al., 2014).  We also binned activity in the 90-120ms epoch to capture  
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Table 2-1  Onset Timing Across Experiments.   

For each experiment, the table shows the kinematic onsets as calculated from ROC and 

the EMG onsets as calculated from ROC analysis and Difference Functions.  ROC 

analysis was calculated for each individual.  The interquartile range reported for the 

Difference Functions was calculated from a bootstrap procedure.  Abbreviations: Earl. = 

Earliest, Obs. = Obstacle, L/R =left cursor jumps /right cursor jumps, NF = not found. 
Expt Onset Type Kinematics Posterior Deltoid Triceps Lateral Head 

  ROC 

Mean ± SE 

ROC 

Mean± 

SE 

Diff Func 

Median (25th, 

75th)  

ROC 

Mean± 

SE 

Diff Func 

Median (25th, 

75th) 

1A Earl. 

Onset  

134±4 (8cm) 

142±6 (5cm) 

124±5 (2cm) 

84±5 

88±3 

77±5 

88(87,89) 

88(86,90) 

78(76,81) 

90±6 

88±4 

85±5 

90(88,92) 

90(88,91) 

84(81,86) 

 2cm from 8cm 

(L/R) 

216±25/202±7 168±10/

164±15 

149(135,153)/1

32(128,191) 

218±34/

173±16 

151(148,153)/1

52(142,191) 

 5cm from 8cm 

(L/R) 

279±8/238±15 NF 175(173,180)/2

25(221,234) 

NF NF 

1B Earl. Onset  145±4 (8cm) 

126±7 (2cm) 

130±8 (1cm) 

125±4 (0.5cm) 

93±4 

85±4 

88±8 

116±24 

94(89,99) 

87(85,90) 

89(87,91) 

81(79,83) 

93±4 

NF 

NF 

NF 

90(87,96) 

89(85,92) 

90(89,93) 

NF 

 0.5cm from 8cm 

(L/R) 

191±8/169±4 130±7/ 

131±9 

112(108,140)/1

22(115,127) 

NF 129(118,141)/1

28(124,190) 

 1cm from 8cm 

(L/R) 

204±7/178±8 147±11/

141±9 

147(145,149)/1

25(118,131) 

NF 128(125,135)/1

84(145,193) 

 2cm from 8cm 

(L/R) 

234±8/213±7 145±10/

159±9 

148(145,150)/1

91(164,204) 

NF 149(143,161)/1

92(189,196) 

2 Earl. Onset Narrow 8cm 145±6 98±6 99(98,101) 94±2 95(93,96) 

 Earl Onset Wide 8cm 157±6 115±7 109(105,112) 102±3 101(97,108) 

 Earl Onset Narrow 2cm 124±7 NF 77(75,87) NF 86(82,92) 

 Earl Onset Wide 2cm 126±16 NF 90(85,94) NF 99(96,102) 

 Narrow from Wide 8cm 

(L/R) 

165±11/161±9 181±16/

125±13 

122(117,180)/1

08(105,146) 

NF 138(132,224)/ 

NF 

 Narrow from Wide 2cm 

(L/R) 

NF NF 88(78,94)/111(

102,121) 

NF 109(106,111)/1

25(94,132) 

3A Earl Onset No Obs. 150±5 96±7 92(88,103) 96±3 91(89,95) 

 Earl Onset 

Obs. 

140±4 NF 92(90,95) NF 91(88,96) 
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 No Obs. from Obs. (L/R) 298±70/194±7 163±10/

179±15 

150(149,153)/ 

NF 

240±27/

154±9 

NF 

/160(156,169) 

3B Earl Onset No Obs. 140±4ms; 92±4 92(90,94) 88±3 89(87,92) 

 Earl Onset 

Obs. 

121±6ms NF 92(90,95) NF 91(90,108) 

 No Obs. from Obs. 

(L/R) 

203±11/174±14 NF 

/126±8 

NF 

/135(132,137) 

173±25/

165±26 

 

151(150,155)/ 

NF 

3C Earl Onset No Obs. 140±4 86±4 88(82,93) NF NF 

 Earl Onset 

Obs. Wide Config 

(L/R) 

124±4 NF 97(96,100) NF NF 

 Earl Onset 

Obs. Narrow Config 

114±9 NF 94(92,97) NF NF 

 No Obs. from Obs. Wide 

Config 

(L/R) 

NF /186±9 NF 

/136±8 

NF 

/119(117,135) 

NF NF 

 No Obs. from Obs. Narrow 

Config 

(L/R) 

NF /190±9 NF 

/121±10 

NF 

/122(120,124) 

NF NF 
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the earliest muscle response to a cursor jump which has previously been estimated to start 

at 90ms (Franklin and Wolpert, 2008; Dimitriou et al., 2013; Scott, 2016). 

Figure 2.4C and E show the PDelt and TLat responses in Experiment 1A 

(diamond) for the 90-120ms epoch plotted against jump size. Muscle responses for each 

jump direction showed little modulation for jump size.  A two-way RM ANOVA, with 

jump size and jump direction as factors, found no significant main effect for jump size for 

either muscle and an interaction effect only for the TLat muscle (PDelt F(2,18)=1.2 

p=0.3; TLat F(2,18)=4.7 p=0.02). For TLat,  separate one-way RM ANOVAs were 

applied for each jump direction and revealed only a significant main effect for left cursor 

jumps (left: F(2,18)=4.7 p=0.04 right F(2,18)=0.7 p=1).  However, the trend for TLat 

muscle responses for leftward cursor jumps was a decrease with jump size, inconsistent 

with the hypothesis of scaling muscle responses with jump size.   

For Experiment 1B, in the 90-120ms epoch we now observed a sharp, sigmoid-

like trend and modulation for jump sizes <2cm for both muscle groups (Figure 2.4C and 

E circles).  A two-way RM ANOVA revealed a significant interaction for direction and 

cursor jump size for both muscles (PDelt F(3,27)=3.9 p=0.02 TLat F(3,27)= 3.3 p=0.04).  

Separate one-way RM ANOVAs were applied for each jump direction and revealed a 

significant main effect for jump size for left cursor jumps in both muscles (PDelt 

F(3,27)=4.7 p=0.02; TLat F(3,27)=3.9 p=0.04).  For right cursor jumps we did not 

observe a significant main effect for jump size (PDelt F(3,27)= 0.6 p=1 TLat F(3,27)=1.5 

p=0.4) that may reflect the limited range a muscle can inhibit even when loaded. 

Figure 2.4D and F highlight the muscle responses for the 120-180ms epoch, 

which shows a more linear trend with jump size than the 90-120ms epoch for both 
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experiments. A two-way RM ANOVA revealed a significant interaction effect between 

jump size and direction for Experiment 1A (PDelt F(2,18)=18.8 p<0.001; TLat 

F(2,18)=16.0 p<0.001) and Experiment 1B (PDelt F(3,27)=43.2 p<0.001; TLat 

F(3,27)=30.9 p<0.001).  Separate one-way RM ANOVAs were applied for each jump 

direction and revealed a significant main effect for left (Exp 1A PDelt F(2,18)=10.2 

p=0.002; TLat F(2,18)=11.2 p=0.002; Exp 1B PDelt F(3,27)=20.3 p<0.001; TLat 

F(3,27)=17.8 p<0.001) and right (Exp 1A PDelt F(2,18)=17.8 p<0.001; TLat 

F(2,18)=15.5 p<0.001; Exp 1B PDelt F(3,27)=33.2 p<0.001; TLat F(3,27)=10.5 p<0.001) 

cursor jumps in both experiments.  These results indicate the 120-180ms epoch exhibited 

stronger modulation for cursor jump size than the 90-120ms epoch. 

A possibility for the response to the 0.5cm jump in the 90-120ms epoch is that it 

reflects an average of trials when a muscle response was triggered by the jump and trials 

when it was absent.  If this was the case, the variance of our actual 0.5cm response would 

equal a random sampling of no-jump and jump trials. For each participant, we combined 

12 (40%) random trials from no-jump trials with 18 (60%) trials from 1cm cursor-jump 

trials.  Percentages from each trial were selected to match the approximate size of the 

0.5cm response in the EMG relative to the 1cm response size (~60%).  We calculated the 

standard deviation of the random sample (SDrandom) and repeated this procedure 10 000 

times for each participant, muscle and direction.  We then averaged over all repeats 

yielding 20 values for SDrandom (10 participants x 2 directions) for each muscle.  For TLat 

we found that the SDrandom was larger than the standard deviation of the actual 0.5cm 

jump (SDactual) for all but one of the twenty values. A two-way RM ANOVA, with jump 

direction and SD type (levels: SDactual and SDrandom) as factors, yielded a main effect for 
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SD type (F(1,9)=19.4 p=0.002).  For PDelt we found that the SDrandom was larger than 

SDactual for all but six values.  However, a two-way RM ANOVA did not find a 

significant main effect for SD type (F(1,9)=1.3,p=0.28).  These data suggest the 

modulation of the 0.5cm response was not the result of combining trials where a muscle 

response was either triggered or absent. 

Experiment 2: Goal Redundancy 

 In our second experiment, we examined whether the early muscle response 

exhibits modulation by properties of the behavioural goal.  Figure 2.5A shows an 

exemplary participant’s hand trajectories to a narrow (top, radius=1cm) and wide goal 

(bottom, width=14cm) as well as their endpoint distributions (histograms) for 8cm cursor 

jumps. For the narrow goal, the participant made reaches to the center of the goal on no-

jump (black) and jump trials (blue) as observed by the tight endpoint distribution.  

Correspondingly, for the wide goal, an increase in endpoint dispersion can be observed 

for no-jump trials, and on jump trials the participant only corrected enough to reach either 

edge of the goal illustrated by the bimodal endpoint distribution (Figure 2.5A).  Across 

the population, we found that the lateral endpoint dispersion was significantly larger for 

the wide goal on jump trials (Figure 2.5B paired t-test, t(8) =27, p<0.001). Figure 2.5E 

shows the exemplary participant’s hand trajectories and endpoints for 2cm cursor jumps.  

Again, we observed significantly larger endpoint dispersion for the wide goal across the 

population (Figure 2.5F t(8) =37, p<0.001). 

 As similarly reported (Keyser et al., 2017; Lowrey et al., 2017), several 

participants would reach with a small systematic bias towards one of the corners of the 

wide goal.  As a result, comparisons of their lateral hand velocity between narrow and  
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Figure 2.5  Kinematics from Experiment 2. 

A) Hand paths of an exemplary participant for reaches to the narrow (top radius=1cm) 

and wide (bottom width=14cm) goal for unperturbed and ±8cm perturbations.  (Top) 

Histogram showing the participant’s endpoint dispersion for each goal. B) Group 

difference of the endpoint positions (n=9) between +8 and -8cm cursor jumps for both 

goal shapes. C) Change in lateral hand velocity from the same exemplary participant by 

subtracting the no cursor jump hand velocity for narrow and wide reaches (∆Lateral 

Velocity). Blue and red arrows indicate the earliest corrective movement to a cursor jump 

for narrow and wide goal, respectively (ROC analysis). D) The group average difference 

between the lateral hand velocity for the +8 and -8cm cursor jump inside the 180-230ms 

epoch. E-H) Same format as A-D for 2cm cursor jump. Data are plotted as mean and SE. 

** indicates p<0.01. *** indicates p<0.001.   
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wide goals also showed this systematic bias.  We mitigated this bias by subtracting the 

lateral velocity of the no-jump trials from each jump trial (ΔLateral Velocity). An 

exemplary participant’s Δlateral velocity is shown in Figure 2.5C for 8cm cursor jumps.  

Kinematic corrections to a cursor jump for the narrow goal was detected at 129ms (blue 

arrow) and for the wide goals at 153ms (red arrow).  Across the population, the earliest 

corrective onset for the narrow and wide goal was detected at 145±6ms and 157±6ms, 

respectively, whereas the separation between narrow and wide goals (goal-dependent 

onset) was detected at 163±9ms (see Table 1).  A one-way RM ANOVA, with the earliest 

corrective onsets for the narrow and wide goal and goal-dependent onset timing as levels, 

did not find a significant main effect (F(2,16)=3.4 p=0.06).   

Figure 2.5G shows the participant’s lateral velocity for the 2cm cursor jumps for 

both goal shapes (see Table 1).  Across the population, participants reduced their lateral 

velocity in the 180-230ms epoch by more than 50% for both jump sizes when reaching 

for the wide goal (Figure 2.5D and H).  A two-way RM ANOVA, with jump size and 

goal shape as factors, revealed a significant main effect for goal shape (F(1,8)=37.3 

p<0.001) with post hoc analysis plotted in Figure 2.5D and H.  Similar results were found 

in the 230-280ms epoch (data not shown).  

 Figure 2.6A shows the group average change in PDelt activity for 8cm cursor 

jumps.  Changes in activity could be detected for the narrow goal at 99ms (blue arrow) 

and at 109ms for the wide goal. Figure 2.6B shows the group average change in PDelt for 

2cm cursor jumps with onsets starting at 77 and 90ms for the narrow and wide goal, 

respectively. Participants reduced their PDelt and TLat activity in the 90-120ms epoch by 

more than 50% when reaching for the wide goal (Figure 2.6C and D).  A three-way RM  
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Figure 2.6  Muscle Activity from Experiment 2.  

A) Group average change in PDelt activity for 8cm cursor jumps for narrow (red) and 

wide (blue) goals.  Blue and red arrow onset timing of the earliest muscle response for a 

cursor jump for narrow and wide goal reaches, respectively (Difference Functions).  

Dashed vertical lines mark the 90-120ms epoch.  B) Same format as A) for the 2cm jump.  

C) The group average PDelt activity inside the 90-120ms epoch for each jump size and 

goal shape.  D) Same format as C) for TLat.   Data are plotted as mean and SE. * 

indicates p<0.05. ** indicates p<0.01 
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ANOVA, with cursor jump size, direction and goal shape as factors, revealed a 

significant interaction of the goal shape and direction for both muscles (PDelt 

F(1,8)=14.7 p=0.005; TLat F(1,8)=16.4 p=0.004).  Separate two-way RM ANOVAs were 

applied for each direction and yielded a significant main effect of the goal shape for left 

(PDelt F(1,8)=17 p=0.006; TLat F(1,8)=15.5 p=0.008) and right (PDelt F(1,8)=8.6 

p=0.04; TLat F(1,8)=7.9 p=0.04) cursor jumps.  Post hoc analysis (plotted in Figure 2.6C 

and D) confirmed a reduction in muscle responses for the wide goal. Similar results were 

observed for the 120-180ms epoch (data not shown).  These results highlight that the 90-

120ms response is sensitive to goal-redundancy. 

 

Experiment 3A: Obstacle avoidance requiring whole-limb extension 

 In our third experiment, we examined whether the early muscle response is 

modulated by environmental obstacles.  Figure 2.7A shows the hand trajectories of an 

exemplary participant for no-obstacle (top) and obstacle reaches (bottom).  The obstacles 

were designed to block participants correcting directly to the goal, as they would do when 

the obstacles were absent.  Instead participants needed to make whole-arm extension 

movements to navigate around the obstacles (red hand paths).  Occasionally, when the 

cursor jumped the participant would initiate a kinematic correction towards (green arrow) 

and even collide with the obstacles (average number of collisions per participant 9.9 ± 3, 

number of successful trials needed 60).  This initial movement towards the obstacles was 

reflected in the participant’s lateral velocity as a reduction starting at ~300ms (green 

Figure 2.7B).   
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Figure 2.7 Kinematic and Muscle Activity from Experiment 3A.  

A) Hand paths of an exemplary participant for reaches when the obstacles (yellow) were 

absent (top) and present (bottom) in Experiment 3A.  Obstacles were placed 4cm on 

either side of the straight path from the start target and the goal.  Green arrows indicate 

trials where the participant appeared to initially correct into the obstacles. B) Change in 

lateral hand velocity from the same exemplary participant. Blue and red arrows indicate 

the earliest-corrective movement to a perturbation for when the obstacles were absent and 

present, respectively.   Black arrows indicate when corrective movements differentiated 

based on whether the obstacles were absent or present (ROC analysis).  Green arrow 

indicates a reduction in hand speed. Dashed vertical lines mark the 180-230ms and 230-

280ms epochs. C) The group average difference between the change in the lateral hand 

velocity inside the 180-230ms and 230-280ms epochs. D) Group average change in PDelt 

activity for when obstacles are absent and present.  Blue arrow indicates onset of the 

earliest muscle response when the obstacles were absent.  Black arrow indicates when 

muscle responses differentiated based on whether the obstacles were absent or present. 

Dashed vertical lines mark the 90-120ms and 120-180ms epochs. E) The group average 

muscle response in the PDelt inside the 90-120ms and 120-180ms epoch. F) Same format 

as E) for TLat. - Data are plotted as mean and SE. ** indicates p<0.01. 
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Figure 2.7B also shows that the earliest-corrective onsets could be detected in the 

lateral velocity for no-obstacle trials at 156ms (blue arrow) and obstacles at 138ms (red 

arrow). Differences in corrective movements for no-obstacles and obstacle trials 

(obstacle-dependent) were detected at 198ms for left jumps and 183ms for right jumps 

(black arrows).  Across the population, the earliest corrective onset was detected at 

140±4ms and 150±5ms for obstacle and no-obstacle trials, whereas the average obstacle-

dependent onset timing started at 239±30ms (see Table 1).  A one-way RM ANOVA, 

with earliest corrective onset for no-obstacle and obstacle trials, and obstacle-dependent 

onset timing as levels, revealed a significant main effect (F(2,14)=8.5 p=0.004). Post hoc 

paired t-tests revealed that the difference between the earliest corrective onsets (no-

obstacle and obstacle) and obstacle-dependent onsets were trending towards significance 

(comparison with: no-obstacle t(7)=2.7 p=0.05, obstacle t(7)=3.2 p=0.05). 

Figure 2.7C (left) shows the average change in the lateral velocity for the 180-

230ms epoch.  We applied a paired t-test and found no significant differences between 

no-obstacle and obstacle trials (t(7)=0.5, p=0.631).  In contrast a significant reduction in 

the 230-280ms epoch was found when the obstacles were present (Figure 2.7C right, 

t(7)=4.7, p=0.002).   

 Figure 2.7D shows the group average change in PDelt activity for obstacle and 

no-obstacle trials.  The earliest changes in muscle activity could be detected 92 (blue 

arrow) and 93ms (not shown) after the cursor jump for no-obstacle and obstacle trials, 

respectively.  Surprisingly, for no-obstacle and obstacle trials a leftward cursor jump 

elicited a rapid excitation in PDelt that remained similar between the two conditions (blue 

and red dashed lines).  The excitation was unexpected because the obstacles required 
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participants to make whole-limb extension movements to navigate around, thus requiring 

shoulder flexion and an inhibition of PDelt. The excitation response we observed is 

appropriate for correcting unobstructed to the goal.  We detected that the inhibition of 

PDelt began at 150ms when the obstacles were present (black arrow).  For rightward 

cursor jumps, we found PDelt showed similar rapid inhibition whether the obstacles were 

present or absent for >200ms after the cursor jump. For TLat, we observed a similar 

pattern, however, differentiation based on the obstacles was detected for right cursor 

jump at 147ms and at 164ms for left cursor jumps (see Table 1) .   

Figure 2.7E-F show the muscle responses of PDelt and TLat in the 90-120ms 

epoch and 120-180ms epochs. For the 90-120ms epoch, a two-way RM ANOVA, with 

direction and obstacles (if they were present or absent) as factors, found a significant 

interaction effect for TLat only (PDelt F(1,7) =3.85 p=0.09 TLat F(1,7)=7.6 p=0.03).  

However, post hoc paired t-tests did not reveal any significant differences between TLat 

responses when obstacles were present or absent (left jumps t(7)=2.0 p=0.18 right jumps 

t(7)=0.06 p=1.0).  In contrast, analyzing muscle responses in the 120-180ms epoch using 

the same ANOVA structure exhibited significant interaction effects for both muscles 

(PDelt F(1,7)=9.7 p=0.02 TLat F(1,7)=15.9 p=0.005).  Post hoc analysis for PDelt 

responses revealed a trend for reduced excitation when the obstacles were absent 

(t(7)=2.6 p=0.07 Bonferroni Correction).  Similarly, for TLat, there was a trend for 

reduced inhibition for right jumps when obstacles were present (t(7)=2.3 p=0.11).  

Experiment 3B: Obstacle avoidance requiring whole-limb flexion 

 In this experiment we increased the urgency of participants’ corrective 

movements to improve the separation of the corrective response for obstacle and no-
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obstacle trials. This was done by placing the obstacles so that participants had to make 

whole-limb flexion movements to navigate around the obstacle (Figure 2.8A).  This 

posed a greater challenge than Experiment 3A as participants could no longer utilize the 

momentum from the original reach to navigate around the obstacles when the cursor 

jumped, but instead, had to reverse direction.  As in Experiment 3A, for obstacle trials the 

participant would initiate a kinematic correction to a cursor jump towards (green arrow) 

and even collide with the obstacles (average collisions per participant 4.6 ± 2 out of 60 

trials).  For obstacle trials we again observed a reduction in the lateral velocity starting at 

~300ms (Figure 2.8B green arrows).  

 The participant’s earliest kinematic correction for no-obstacle trials was detected 

at 141ms (blue arrow) and for obstacle trials at 132ms (red arrow).  Obstacle-dependent 

timing was detected at 203ms for left jumps and 186ms for right jumps (black arrows).  

Across the population the earliest corrective onset was detected at 121±6ms and 140±4ms 

for obstacle and no-obstacle trials, while the obstacle-dependent onset  was detected at 

194±13ms. A one-way RM ANOVA, with the earliest corrective onset for no-obstacle 

and obstacle trials, and obstacle-dependent onset as levels, revealed a significant main 

effect (F(2,14)=24 p<0.001).  Post hoc paired t-tests revealed that obstacle-dependent 

onsets were significantly later than the earliest corrective onsets for no-obstacle (t(7)=5.1 

p=0.002) and obstacle (t(7)=5.2 p=0.002) trials.  The change in the lateral velocity in the 

180-230ms epoch was not significantly different for no-obstacle and obstacle trials 

(Figure 2.8C paired t-test, t(7)=1.4, p=0.214).  In contrast, participants significantly 

reduced their lateral velocity in the 230-280ms epoch when obstacles were present 

(t(7)=3.82, p=0.007).   
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Figure 2.8  Kinematic and Muscle Activity from Experiment 3B.  

A) Hand paths of an exemplary participant for reaches when the obstacles were absent 

(top) and present (bottom) in Experiment 3B.  Green arrows indicate trials where the 

participant appeared to initially correct into the obstacles. B) Change in lateral hand 

velocity from the same exemplary participant. Blue and red arrows indicate the earliest 

corrective movement to a perturbation for when the obstacles were absent and present, 

respectively.  Black arrows indicate when corrective movements differentiated based on 

whether the obstacles were absent or present. Green arrow indicates a reduction in hand 

speed. Dashed vertical lines mark the 180-230ms and 230-280ms epochs. C) The group 

average difference between the change in the lateral hand velocity inside the 180-230ms 

and 230-280ms epochs. D) Group average change in PDelt activity for when obstacles 

are absent and present.  Blue arrow indicates onset of the earliest muscle response when 

the obstacles were absent.  Black arrow indicates when muscle responses differentiated 

based on whether the obstacles were absent or present. Dashed vertical lines mark the 90-

120ms and 120-180ms epochs. E) The group average muscle response in the PDelt inside 

the 90-120ms and 120-180ms epoch. F) Same format as E) for TLat Data are plotted as 

mean and SE. * indicates p<0.05. ** indicates p<0.01. 
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Figure 2.8D shows the group average change in PDelt activity for no obstacle and 

obstacle trials.  The earliest changes in muscle activity could be detected at 92ms (blue 

arrow) for both no-obstacle and obstacle trials (see Table 1).  Right cursor jumps elicited 

a rapid inhibition in the PDelt for no-obstacle and obstacle trials.  However,  PDelt 

inhibition was inappropriate when obstacles were present as participants had to perform a 

whole-limb flexion movement to navigate the obstacles, thus requiring PDelt excitation.  

We observed a rapid excitation in PDelt starting at 135ms for right cursor jumps when 

the obstacles were present.  In TLat we observed a similar pattern, with the earliest 

changes in muscle activity detected at 89 and 91ms for no-obstacle and obstacle trials, 

and differentiation occurring for the left cursor jumps at 151ms.   

Figure 2.8E-F show the muscle responses of PDelt and TLat in the 90-120ms and 

120-180ms epochs. For the 90-120ms epoch, a two-way RM ANOVA, with direction and 

obstacles as factors, found no significant interaction effects for either muscle (PDelt 

F(1,7)=0.04 p=0.9 TLat F(1,7)=2.3 p=0.17).  In contrast, analyzing muscle responses in 

the 120-180ms epoch  using the same ANOVA structure exhibited significant interaction 

effects for both muscles (PDelt F(1,7)=13.7 p=0.008 TLat F(1,7)=19.0 p=0.003).  Post 

hoc analysis are plotted in Figure 2.8E and F and display a significant excitation in the 

PDelt for right jumps and significant inhibition of TLat for left jumps, consistent with our 

onset analysis.  

Experiment 3C: Obstacle avoidance with obstacles at different peripheral distances 

One explanation for why the initial muscle response at 90ms did not accurately 

account for the presence of obstacles is due to a Kalman-like process that integrates 

visual feedback with the present prediction of the hand position (Izawa and Shadmehr, 
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2008). Following a cursor jump, the predicted cursor position is between the obstacles 

while visual feedback signals that the cursor is either left or right of the obstacle. As a 

result, weighting of the predicted cursor position with the visual error would result in an 

estimate still between the obstacles but biased towards the visual error. Only after 

integrating the visual error over time does the estimate of the cursor position transition 

from between the obstacles to either left or right of both obstacles, thus requiring a 

correction similar to what we observed at ~130ms. The prediction is that muscle 

responses to avoid an obstacle will occur earlier if the obstacles are positioned nearer the 

unperturbed hand trajectory.   

          We had participants make reaches when obstacles were absent and present (Figure 

2.9A). As in Experiment 3B, we placed obstacles that required whole-limb flexion 

movements to avoid the obstacles. In this experiment, we placed the right obstacle either 

2cm (narrow configuration) or 5cm (wide configuration) away from the direct path 

between the start and end goal. We manipulated the position of the right obstacle as right 

cursor jumps evoked the clearest obstacle-dependent onset in PDelt (Figure 2.8D).   

Figure 2.9A shows the hand trajectories for an exemplary participant.  From the 

lateral velocity (Figure 2.9B) the earliest corrective onset for no-obstacle trials was 

detected at 131ms (blue arrow). For rightward cursor jumps, obstacle-dependent timing 

was detected at 200ms for the wide configuration and 205ms for the narrow 

configuration. Across the population, obstacle-dependent onsets were detected at 

190±9ms and 186±9ms for the narrow and wide configuration, respectively, and were not 

significantly different (paired t-test t(6)=0.9, p=0.4).  Furthermore, a one-way RM 

ANOVA, with no obstacle and obstacles as levels, was applied to the change in the  
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Figure 2.9  Kinematic and Muscle Activity from Experiment 3C.  

A) Hand paths from an exemplary participant for unperturbed (left column) and right 

cursor jump trials (right column).  The left obstacle (2nd and 3rd row) was placed 4cm 

laterally while the right obstacle was placed 5 (middle row) and 2cm (bottom row) 

laterally. B) Change in lateral hand velocity from the same exemplary participant. Blue 

arrow indicates the earliest-corrective movement to a perturbation for when the obstacles 

were absent (ROC analysis).   Red and green arrows indicate when corrective movements 

differentiated based on whether the obstacles were absent or present for the wide and 

narrow configuration respectively (ROC analysis). Dashed vertical lines mark the 180-

230ms and 230-280ms epochs. C) The group average difference for the lateral hand 

velocity inside the 180-230ms and 230-280ms epochs. D) Group average ∆EMG for 

PDelt.  Blue arrow indicates onset of the earliest muscle response (Difference Functions).  

Red and green arrows indicate muscle responses differentiated based on whether the 

obstacles were absent or present for wide and narrow configuration respectively 

(Difference Functions).  Dashed vertical lines mark the 90-120ms and the 120-180ms 

epochs.  E) The group average muscle response in the PDelt inside the 90-120ms and 

120-180ms epoch.  * indicates p<0.05. ** indicates p<0.01. 
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lateral velocity in the 180-230ms epoch and did not reveal a significant main effect 

(Figure 2.9C F(2,7)=0.04, p>0.9).  Instead, we found a significant main effect in the 230- 

280ms epoch (F(2,7)=17.8, p<0.001). Post hoc analysis are plotted in Figure 2.9C and 

revealed that participants reduced their lateral velocity when obstacles were present, 

whereas no differences were observed between obstacle configurations. 

Figure 2.9D shows the group average change in PDelt activity for no obstacle and 

obstacle trials.  Changes in muscle activity were detected 89, 97 and 94ms after the 

cursor jump for no-obstacle, wide- and narrow-configuration trials, respectively.  As in 

Experiment 3B, rightward cursor jumps elicited rapid inhibition in PDelt that was 

incorrect when obstacles were present.  Differentiation of PDelt activity based on 

whether the obstacles were present or absent could be detected at 119ms and 122ms (see 

Table 1) for the narrow and wide configuration and were not significantly different (ROC 

values, paired t-test, t(6)=1.6, p=0.16).  Furthermore, a one-way RM ANOVA was 

applied to the PDelt activity in the 90-120ms epoch and revealed no main effect 

(F(2,10)=0.14 p=0.871).  Instead a significant main effect was found in the 120-180ms 

epoch (F(2,10)=31.5, p<0.001) and post hoc analysis are plotted in Figure 2.9E.  A 

significant reversal in PDelt activity was present for both obstacle configurations,  

however, there was no significant difference in the 120-180ms epoch between either 

obstacle configuration.  These data suggest the difference between the earliest and the 

obstacle-dependent onset timing in the muscle responses was not due to Kalman-like 

integration of visual feedback. 
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2.5 Discussion 

We explored how participants utilize visual feedback of their hand, presented as a 

cursor, to execute goal-directed reaches.  We show that the muscle response starting at 

90ms only scaled for cursor jumps <2cm and could incorporate goal redundancy.  

However, this response did not accurately account for obstacles. These results highlight 

how task-related factors can influence rapid visual feedback processing during voluntary 

actions.  

We found a nonlinearity between the size of a cursor jump and the corresponding 

muscle response amplitude. Beginning at 90ms, muscle responses scaled with the jump 

size up to 2cm but  appeared to plateau for larger jumps.  After 120ms, muscle responses 

for jumps >2cm decreased from this plateau at different times depending on the jump 

size.  Kinematic corrections also showed linear scaling with jump magnitudes of <2cm 

(Veyrat-Masson et al., 2010) and nonlinear scaling for jumps >2cm beginning at ~170ms 

(Franklin et al., 2016). However, by using EMG we showed that the nonlinearity reflects 

two distinct phases: an early phase that scales amplitude with jump size and a later phase 

that scales the duration of muscle activity with jump size.  

The nonlinear muscle response to cursor jumps  greater than 2cm may reflect the 

artificial nature of the visual disturbance. A jump of 2cm in a single video frame 

(16.7ms) reflects a 120cm/s transient disturbance.  By comparison, our studies of 

mechanical disturbances never generated limb motion larger than 1cm over the first 

50ms, a rate of 20cm/s (Cluff and Scott, 2015; Lowrey et al., 2017).  These mechanical 

disturbances evoke responses 2x larger than observed for visual disturbances, even 



 

73 

 

though the displacement was 6x smaller. This indicates the plateau we observed did not 

reflect a saturation of the motor output.  

Whether the motor system viewed the error generated by a cursor jump as self or 

externally generated may also influence muscle responses.  Wei and Körding, (2008) 

examined trial-to-trial adaptation to errors in cursor feedback of hand position and found 

participants adapted at a linear rate when small errors were introduced to the cursor 

position and at a constant rate for larger errors.  A model where participants adapted 

based on whether the visual error was probably (linear rate) or improbably (constant rate) 

generated by the motor system could explain the observed behaviour. This may explain 

why muscle responses scaled for jumps <2cm and nonlinearly for jumps >2cm as the 

former could reasonably be generated by the motor system during a reach. 

Lastly, the scaling between jump size and corrective response may reflect a 

strategy to cope with signal-dependent noise.  A model comparing saccade amplitudes of 

increasing size exhibited little modulation of the initial eye velocity with amplitude size 

when signal-dependent noise was included (Harris and Wolpert, 1998).  Why jump size 

exhibits nonlinear scaling with corrective response requires further investigation. 

Surprisingly, muscle responses plateaued for cursor jumps >2cm, but can be altered based 

on goal shape, similar to previous findings (Knill et al., 2011; de Brouwer et al., 2017). In 

particular, the magnitude of the muscle response was reduced for the wide goal, 

suggesting the earliest muscle response is sensitive to some contexts that require simple 

gain responses.  

However, we found that the earliest muscle response was not sensitive to the 

presence of obstacles.  Muscle responses beginning at 90ms were similar whether the 
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obstacles were present or absent.  Absence of a context-dependent change at 90ms was 

not obscured by saturation, as observed with the stretch response for digit muscles 

(Rothwell et al., 1980). Specifically, in Experiment 3B-C the PDelt response  that started 

at 90ms was inhibition for left jumps, appropriate when making a correction directly 

towards the goal.  In contrast, after 120ms there was an abrupt excitation required to pull 

the hand back to avoid the obstacle. Similarly, Carroll et al., (2019) showed that the initial 

correction for a cursor jump was not modulated by the reward outcome, instead 

additional time was required to generate the task response. Overall, these data suggest 

visual feedback of the limb involves two phases: a response that starts at 90ms and a 

more complex response that starts at 120ms.   

Recent studies demonstrate that visual feedback of the hand and target are 

processed independently for online corrections (Reichenbach et al., 2014; Franklin et al., 

2016).  However, our results highlight some similarities in how they are processed.  

Target jumps evoke a muscle response in ~90ms (Soechting and Lacquaniti, 1983; 

Fautrelle et al., 2010; Pruszynski et al., 2016). This response always drives participants 

towards the jumped target even if instructed to move in the opposite direction of the 

target jump.  Instead, participants require an additional ~40ms  to incorporate the 

instruction to move in the opposite direction (Day and Lyon, 2000; Gritsenko and Kalaska, 

2010). A two-phase response also arises during reaching when background motion is 

applied (Saijo et al., 2005). These early responses show limited sensitivity to the 

magnitude of the target jump or speed of the background motion (Saijo et al., 2005; 

Franklin et al., 2016; Pruszynski et al., 2016; Zhang et al., 2018).  This suggests a two-

phase response is a common feature for visual feedback processing.  We predict that 
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target jumps and background motion will show similar timing for obstacles as we 

observed for cursor jumps. 

Most motor control models assume feedback from different sensory modalities 

are integrated together to form a state estimate of the limb (Sober and Sabes, 2003; Wei 

and Körding, 2008; Oostwoud Wijdenes and Medendorp, 2017).  This estimate is used 

by a control policy to generate the appropriate motor commands (Todorov and Jordan, 

2002; Scott, 2004).  However, the presence of two phases for visual feedback of the hand 

suggest a more complex organization. The long-latency muscle response for mechanical 

disturbances incorporates a broad range of behavioural factors, including: magnitude 

(Crevecoeur et al., 2012), goal redundancy (Nashed et al., 2012; Lowrey et al., 2017), and 

obstacles (Nashed et al., 2014). In contrast, the 90-120ms visual response does not 

incorporate all of these factors indicating that it is distinct from the flexible long-latency 

response. This suggests that the response at 90ms reflects a purely visual feedback 

process (Oostwoud Wijdenes and Medendorp, 2017).  

The similarities in the task-dependent feedback processing of the 60ms 

proprioceptive response and the 120ms visual response may reflect the output from a 

limb estimate that integrates visual and proprioceptive feedback. However, the large 

difference in their respective delays could impact how each modality is weighted. 

Traditional Bayesian models of multisensory integration predict vision should dominate 

over proprioception as the former is more reliable (Welch and Warren, 1980; Ernst and 

Banks, 2002; Knill and Pouget, 2004; Fetsch et al., 2013). However, our group has 

recently put forth a dynamic Bayesian model where sensory signals are weighted based 

on their reliability and delay (Crevecoeur et al., 2016). Including sensory delays accounts 
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for the accumulation of motor noise over the delay period that reduces the value of the 

sensory signals (Crevecoeur and Körding, 2017). Our finding that the delay for vision to 

update the common state estimate may be longer (120ms) than we previously estimated 

(90ms) further supports the prediction that proprioceptive feedback initially dominates 

visual feedback for online control (Crevecoeur et al., 2016).  

However, note that the 120ms visual and 60ms proprioceptive response may only 

be partially integrated as participants correctly identified the cursor was outside of the 

obstacles. Similarly, participants always ended their reach with the cursor on the target, 

not the hand or a combined estimate of the hand and cursor.  This may reflect separate 

estimates of cursor and hand position utilized by the controller.  However, other state 

variables may be integrated from visual and proprioceptive feedback, such as hand 

velocity(Saunders and Knill, 2004). 

Many assume the muscle response starting at 90ms reflects a transcortical 

feedback process through motor cortex (Knill et al., 2011; Dimitriou et al., 2013; Gaveau 

et al., 2014; Franklin, 2016; Scott, 2016).  However, motor cortex is involved in 

generating context-dependent muscle responses for proprioceptive feedback within 60ms 

(Evarts and Tanji, 1976; Shemmell et al., 2009; Pruszynski et al., 2011; Omrani et al., 

2016). If motor cortex is involved in generating the control policy for voluntary control, it 

seems surprising that it incorporates factors such as obstacles for proprioceptive feedback 

and not visual feedback. Thus, transcortical feedback is likely involved in the visual 

responses that started after 120ms, but not the response that started at 90ms.  

The superior colliculus may be involved in the muscle response starting at 90ms  

(Pruszynski et al., 2010; Fautrelle and Bonnetblanc, 2012; Corneil and Munoz, 2014; 
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Day, 2014; Cluff et al., 2015; Wood et al., 2015; Gu et al., 2016).  Behaviorally, the 

superior colliculus has been implicated in rapid motor responses following a target jump 

(Day and Brown, 2001). Neural activity in the superior colliculus correlates with upper 

limb reaching (Werner, 1993; Kutz et al., 1997; Stuphorn et al., 1999) and stimulation 

can evoke reaching-like movements (Courjon et al., 2004; Philipp and Hoffmann, 2014).  

Projections from motor cortex to superior colliculus (Fries, 1984, 1985) could provide a 

gain to modulate visual feedback processing depending on the behavioral context (Gu et 

al., 2018).  

  



 

78 

 

2.6 References 

Brenner E, Smeets JB (2003) Fast corrections of movements with a computer mouse. Spat Vis 
16:365–376. 

Carroll TJ, McNamee D, Ingram JN, Wolpert DM (2019) Rapid visuomotor responses reflect 
value-based decisions. J Neurosci:1934–18. 

Chapman CE, Spidalieri G, Lamarre Y (1984) Discharge properties of area 5 neurones during arm 
movements triggered by sensory stimuli in the monkey. Brain Res 309:63–77. 

Cluff T, Crevecoeur F, Scott SH (2015) A perspective on multisensory integration and rapid 
perturbation responses. Vision Res 110:215–222. 

Cluff T, Scott SH (2013) Rapid Feedback Responses Correlate with Reach Adaptation and 
Properties of Novel Upper Limb Loads. J Neurosci 33:15903–15914. 

Cluff T, Scott SH (2015) Apparent and Actual Trajectory Control Depend on the Behavioral 
Context in Upper Limb Motor Tasks. J Neurosci 35:12465–12476. 

Corneil BD, Munoz DP (2014) Overt Responses during Covert Orienting. Neuron 82:1230–1243. 

Corneil BD, Olivier E, Munoz DP (2004) Visual responses on neck muscles reveal selective gating 
that prevents express saccades. Neuron 42:831–841. 

Courjon J-H, Olivier E, Pélisson D (2004) Direct evidence for the contribution of the superior 
colliculus in the control of visually guided reaching movements in the cat: Effect of SC 
stimulation on visually guided limb reaching. J Physiol 556:675–681. 

Crevecoeur F, Körding KP (2017) Saccadic suppression as a perceptual consequence of efficient 
sensorimotor estimation. eLife 6:e25073. 

Crevecoeur F, Kurtzer I, Scott SH (2012) Fast corrective responses are evoked by perturbations 
approaching the natural variability of posture and movement tasks. J Neurophysiol 
107:2821–2832. 

Crevecoeur F, Munoz DP, Scott SH (2016) Dynamic Multisensory Integration: Somatosensory 
Speed Trumps Visual Accuracy during Feedback Control. J Neurosci 36:8598–8611. 

Day BL (2014) Subcortical Visuomotor Control of Human Limb Movement. In: Progress in Motor 
Control (Levin MF, ed), pp 55–68. New York, NY: Springer New York. Available at: 
http://link.springer.com/10.1007/978-1-4939-1338-1_5 [Accessed September 25, 2017]. 

Day BL, Brown P (2001) Evidence for subcortical involvement in the visual control of human 
reaching. Brain 124:1832–1840. 

Day BL, Lyon IN (2000) Voluntary modification of automatic arm movements evoked by motion 
of a visual target. Exp Brain Res 130:159–168. 



 

79 

 

de Brouwer AJ, Jarvis T, Gallivan JP, Flanagan JR (2017) Parallel Specification of Visuomotor 
Feedback Gains during Bimanual Reaching to Independent Goals. eneuro 
4:ENEURO.0026-17.2017. 

Desmurget M, Epstein CM, Turner RS, Prablanc C, Alexander GE, Grafton ST (1999) Role of the 
posterior parietal cortex in updating reaching movements to a visual target. Nat 
Neurosci 2:563–567. 

Dimitriou M, Wolpert DM, Franklin DW (2013) The Temporal Evolution of Feedback Gains 
Rapidly Update to Task Demands. J Neurosci 33:10898–10909. 

Ernst MO, Banks MS (2002) Humans integrate visual and haptic information in a statistically 
optimal fashion. Nature 415:429–433. 

Evarts EV, Tanji J (1976) Reflex and intended responses in motor cortex pyramidal tract neurons 
of monkey. J Neurophysiol 39:1069–1080. 

Fautrelle L, Bonnetblanc F (2012) On-line coordination in complex goal-directed movements: A 
matter of interactions between several loops. Brain Res Bull 89:57–64. 

Fautrelle L, Prablanc C, Berret B, Ballay Y, Bonnetblanc F (2010) Pointing to double-step visual 
stimuli from a standing position: very short latency (express) corrections are observed in 
upper and lower limbs and may not require cortical involvement. Neuroscience 
169:697–705. 

Fetsch CR, DeAngelis GC, Angelaki DE (2013) Bridging the gap between theories of sensory cue 
integration and the physiology of multisensory neurons. Nat Rev Neurosci 14:429–442. 

Franklin DW (2016) Rapid Feedback Responses Arise from Precomputed Gains. Motor Control 
20:171–176. 

Franklin DW, Franklin S, Wolpert DM (2014) Fractionation of the visuomotor feedback response 
to directions of movement and perturbation. J Neurophysiol 112:2218–2233. 

Franklin DW, Reichenbach A, Franklin S, Diedrichsen J (2016) Temporal Evolution of Spatial 
Computations for Visuomotor Control. J Neurosci 36:2329–2341. 

Franklin DW, Wolpert DM (2008) Specificity of Reflex Adaptation for Task-Relevant Variability. J 
Neurosci 28:14165–14175. 

Franklin DW, Wolpert DM (2011) Computational Mechanisms of Sensorimotor Control. Neuron 
72:425–442. 

Franklin S, Wolpert DM, Franklin DW (2017) Rapid visuomotor feedback gains are tuned to the 
task dynamics. J Neurophysiol:2711–2726. 

Fries W (1984) Cortical projections to the superior colliculus in the macaque monkey: a 
retrograde study using horseradish peroxidase. J Comp Neurol 230:55–76. 



 

80 

 

Fries W (1985) Inputs from motor and premotor cortex to the superior colliculus of the macaque 
monkey. Behav Brain Res 18:95–105. 

Gaveau V, Pisella L, Priot A-E, Fukui T, Rossetti Y, Pélisson D, Prablanc C (2014) Automatic online 
control of motor adjustments in reaching and grasping. Neuropsychologia 55:25–40. 

Gottlieb GL, Agarwal GC (1980) Response to sudden torques about ankle in man. II. Postmyotatic 
reactions. J Neurophysiol 43:86–101. 

Gritsenko V, Kalaska JF (2010) Rapid Online Correction Is Selectively Suppressed During 
Movement With a Visuomotor Transformation. J Neurophysiol 104:3084–3104. 

Gu C, Pruszynski JA, Gribble PL, Corneil BD (2018) Done in 100 ms: Path-dependent visuomotor 
transformation in the human upper limb. J Neurophysiol 119:1319–1328. 

Gu C, Wood DK, Gribble PL, Corneil BD (2016) A Trial-by-Trial Window into Sensorimotor 
Transformations in the Human Motor Periphery. J Neurosci 36:8273–8282. 

Harris CM, Wolpert DM (1998) Signal-dependent noise determines motor planning. Nature 
394:780–784. 

Izawa J, Shadmehr R (2008) On-Line Processing of Uncertain Information in Visuomotor Control. 
J Neurosci 28:11360–11368. 

Jaeger RJ, Gottlieb GL, Agarwal GC (1982) Myoelectric responses at flexors and extensors of 
human wrist to step torque perturbations. J Neurophysiol 48:388–402. 

Keyser J, Medendorp WP, Selen LPJ (2017) Task-dependent vestibular feedback responses in 
reaching. J Neurophysiol 118:84–92. 

Knill DC, Bondada A, Chhabra M (2011) Flexible, Task-Dependent Use of Sensory Feedback to 
Control Hand Movements. J Neurosci 31:1219–1237. 

Knill DC, Pouget A (2004) The Bayesian brain: the role of uncertainty in neural coding and 
computation. Trends Neurosci 27:712–719. 

Kutz DF, Dannenberg S, Werner W, Hoffmann K-P (1997) Population coding of arm-movement-
related neurons in and below the superior colliculus of Macaca mulatta. Biol Cybern 
76:331–337. 

Lowrey CR, Nashed JY, Scott SH (2017) Rapid and flexible whole body postural responses are 
evoked from perturbations to the upper limb during goal-directed reaching. J 
Neurophysiol 117:1070–1083. 

Marsden CD, Merton PA, Morton HB, Rothwell JC, Traub MM (1981) Reliability and efficacy of 
the long-latency stretch reflex in the human thumb. J Physiol 316:47–60. 

Nashed JY, Crevecoeur F, Scott SH (2012) Influence of the behavioral goal and environmental 
obstacles on rapid feedback responses. J Neurophysiol 108:999–1009. 



 

81 

 

Nashed JY, Crevecoeur F, Scott SH (2014) Rapid Online Selection between Multiple Motor Plans. 
J Neurosci 34:1769–1780. 

Omrani M, Murnaghan CD, Pruszynski JA, Scott SH (2016) Distributed task-specific processing of 
somatosensory feedback for voluntary motor control. eLife 5:e13141. 

Oostwoud Wijdenes L, Brenner E, Smeets JBJ (2014) Analysis of methods to determine the 
latency of online movement adjustments. Behav Res Methods 46:131–139. 

Oostwoud Wijdenes L, Medendorp WP (2017) State Estimation for Early Feedback Responses in 
Reaching: Intramodal or Multimodal? Front Integr Neurosci 11 Available at: 
http://journal.frontiersin.org/article/10.3389/fnint.2017.00038/full [Accessed January 
18, 2018]. 

Philipp R, Hoffmann K-P (2014) Arm Movements Induced by Electrical Microstimulation in the 
Superior Colliculus of the Macaque Monkey. J Neurosci 34:3350–3363. 

Pisella L, Gréa H, Tilikete C, Vighetto A, Desmurget M, Rode G, Boisson D, Rossetti Y (2000) An 
‘automatic pilot’ for the hand in human posterior parietal cortex: toward reinterpreting 
optic ataxia. Nat Neurosci 3:729–736. 

Pruszynski JA, Johansson RS, Flanagan JR (2016) A Rapid Tactile-Motor Reflex Automatically 
Guides Reaching toward Handheld Objects. Curr Biol 26:788–792. 

Pruszynski JA, King GL, Boisse L, Scott SH, Flanagan JR, Munoz DP (2010) Stimulus-locked 
responses on human arm muscles reveal a rapid neural pathway linking visual input to 
arm motor output: Visual responses on human arm muscles. Eur J Neurosci 32:1049–
1057. 

Pruszynski JA, Kurtzer I, Nashed JY, Omrani M, Brouwer B, Scott SH (2011) Primary motor cortex 
underlies multi-joint integration for fast feedback control. Nature 478:387–390. 

Pruszynski JA, Kurtzer I, Scott SH (2008) Rapid Motor Responses Are Appropriately Tuned to the 
Metrics of a Visuospatial Task. J Neurophysiol 100:224–238. 

Reichenbach A, Bresciani J-P, Peer A, Bülthoff HH, Thielscher A (2011) Contributions of the PPC 
to Online Control of Visually Guided Reaching Movements Assessed with fMRI-Guided 
TMS. Cereb Cortex 21:1602–1612. 

Reichenbach A, Franklin DW, Zatka-Haas P, Diedrichsen J (2014) A Dedicated Binding Mechanism 
for the Visual Control of Movement. Curr Biol 24:780–785. 

Saijo N, Murakami I, Gomi H (2005) Large-Field Visual Motion Directly Induces an Involuntary 
Rapid Manual Following Response. J Neurosci 25:4941–4951. 

Saunders JA, Knill DC (2004) Visual Feedback Control of Hand Movements. J Neurosci 24:3223–
3234. 



 

82 

 

Scott SH (1999) Apparatus for measuring and perturbing shoulder and elbow joint positions and 
torques during reaching. J Neurosci Methods 89:119–127. 

Scott SH (2004) Optimal feedback control and the neural basis of volitional motor control. Nat 
Rev Neurosci 5:532–546. 

Scott SH (2016) A Functional Taxonomy of Bottom-Up Sensory Feedback Processing for Motor 
Actions. Trends Neurosci 39:512–526. 

Shemmell J (2015) Interactions between stretch and startle reflexes produce task-appropriate 
rapid postural reactions. Front Integr Neurosci 9 Available at: 
http://journal.frontiersin.org/article/10.3389/fnint.2015.00002/abstract [Accessed 
August 16, 2018]. 

Shemmell J, An JH, Perreault EJ (2009) The Differential Role of Motor Cortex in Stretch Reflex 
Modulation Induced by Changes in Environmental Mechanics and Verbal Instruction. J 
Neurosci 29:13255–13263. 

Singh K, Scott SH (2003) A motor learning strategy reflects neural circuitry for limb control. Nat 
Neurosci 6:399–403. 

Sober SJ, Sabes PN (2003) Multisensory Integration during Motor Planning. J Neurosci 23:6982–
6992. 

Soechting JF, Lacquaniti F (1983) Modification of trajectory of a pointing movement in response 
to a change in target location. J Neurophysiol 49:548–564. 

Stuphorn V, Hoffmann K-P, Miller LE (1999) Correlation of primate superior colliculus and 
reticular formation discharge with proximal limb muscle activity. J Neurophysiol 
81:1978–1982. 

Todorov E, Jordan MI (2002) Optimal Feedback Control as a Theory of Motor Coordination. Nat 
Neurosci 5:1226–1235. 

Veyrat-Masson M, Brière J, Proteau L (2010) Automaticity of online control processes in manual 
aiming. J Vis 10:27–27. 

Wei K, Körding KP (2008) Relevance of Error: What Drives Motor Adaptation? J Neurophysiol 
101:655–664. 

Weiler J, Gribble PL, Pruszynski JA (2019) Spinal stretch reflexes support efficient hand control. 
Nat Neurosci Available at: http://www.nature.com/articles/s41593-019-0336-0 
[Accessed February 12, 2019]. 

Welch RB, Warren DH (1980) Immediate Perceptual Response to Intersensory Discrepancy. 
Psychol Bull 88:638–667. 

Werner W (1993) Neurons in the primate superior colliculus are active before and during arm 
movements to visual targets. Eur J Neurosci 5:335–340. 



 

83 

 

Wolpaw JR (1980) Amplitude of responses to perturbation in primate sensorimotor cortex as a 
function of task. J Neurophysiol 44:1139–1147. 

Wood DK, Gu C, Corneil BD, Gribble PL, Goodale MA (2015) Transient visual responses reset the 
phase of low-frequency oscillations in the skeletomotor periphery. Eur J Neurosci 
42:1919–1932. 

Zhang Y, Brenner E, Duysens J, Verschueren S, Smeets JBJ (2018) Postural responses to target 
jumps and background motion in a fast pointing task. Exp Brain Res Available at: 
http://link.springer.com/10.1007/s00221-018-5222-6 [Accessed March 27, 2018]. 

 

 

 

  



 

84 

 

Chapter 3 

Proprioceptive and visual feedback responses exploit goal redundancy 

in macaques 
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3.1 Abstract 

A common problem in motor control concerns how to select muscles commands 

when there are redundant solutions to attain a behavioural goal.  Optimal feedback 

control is a theory that has guided many behavioural studies exploring how the motor 

system incorporates task redundancy.  This theory predicts that kinematic errors that 

deviate the limb along a redundant trajectory to the goal should not be corrected.  Several 

studies in humans have demonstrated that the motor system can flexibly integrate visual 

and proprioceptive feedback of the limb with goal redundancy within 90ms and 70ms, 

respectively. Here we show monkeys (Macaca mulatta) also demonstrate similar abilities 

to exploit goal redundancy. We trained two male monkeys to reach for a goal that was 

either a narrow square or a wide, spatially redundant rectangle. Monkeys exhibited 

greater trial-by-trial variability when reaching to the wide goal consistent with exploiting 

goal redundancy. On random trials we jumped the visual feedback of the hand and found 

monkeys corrected for the jump when reaching to the narrow goal and largely ignored the 

jump when reaching for the wide goal.  In a separate set of experiments, we applied 

mechanical loads to the monkey’s arm and found similar corrective responses based on 

goal shape.  Muscle activity reflecting these different corrective responses were detected 

for the visual and mechanical perturbations starting at ~90 and ~70ms, respectively. Thus, 

rapid motor responses in macaques can exploit goal redundancy similar to those observed 

in humans. 
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3.2 Introduction 

A common problem in motor control concerns how to select muscle commands 

when there are many different ways to attain a behavioural goal (Bernstein, 1967; Flash 

and Hogan, 1985; Sporns and Edelman, 1993; Scholz and Schöner, 1999; Scholz et al., 

2000; Latash, 2012).  For example, successfully reaching for an object can involve many 

different trajectories of the limb to the goal, and thus, many different patterns of muscle 

activity. Optimal feedback control (OFC) provides a framework for how to select motor 

commands among a family of redundant solutions  (Todorov and Jordan, 2002; Scott, 

2004). OFC selects motor commands to optimize a cost function that balances 

successfully completing the current behavioural goal with the cost of movement (e.g. 

energy, noise). Importantly, these controllers abide by the minimum intervention principle 

where kinematic errors that arise during movement are only corrected if they interfere 

with the behavioural goal. Or alternatively stated, errors that deviate the plant along 

redundant trajectories should not be corrected.  As a result, variability accumulates along 

redundant task dimensions.   

Several studies demonstrate that the motor system exploits task redundancies 

similar to optimal feedback controllers (Diedrichsen, 2007; Dimitriou et al., 2012; Cluff 

and Scott, 2015; Weiler et al., 2015, 2016). A common approach is to have participants 

reach to a spatially redundant goal such as a wide rectangular bar (Knill et al., 2011; 

Nashed et al., 2012; de Brouwer et al., 2017; Keyser et al., 2017, 2019).  Participants 

exhibit greater trial-to-trial variability in their reach endpoints when reaching for the wide 

goal than a narrow goal. The increased variability also exhibits structure as variability 

primarily accumulates along the wide (redundant) axis of the goal.  Furthermore, 
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displacements to the visual feedback of the hand (cursor jump) are fully corrected by 

participants when reaching for a narrow goal and are corrected less when reaching for the 

wide goal if the displacement is along the redundant axis (Knill et al., 2011; de Brouwer 

et al., 2017; Cross et al., 2019).  Differences in these corrective responses arise in muscle 

activity ~90ms after the jump. Similar corrective responses occur when mechanical loads 

are applied to the limb with differences between corrective responses starting ~70ms after 

the load (Nashed et al., 2012; Lowrey et al., 2017; Keyser et al., 2019).  However, despite 

the prevalence of OFC as a theory of motor control, we know little about the neural 

circuits used to generate OFC-like behaviours.  

One challenge with investigating neural circuits underlying rapid motor responses 

is that behavioural tasks must be translated into animal models that allow for invasive 

neural recordings such as rhesus monkeys or rodents.  To perform most behavioural tasks 

the behaviour of the animal must be shaped through water or other reward over the 

course of tens of thousands of trials. This excessive training along with behavioural 

shaping results in behaviour that is highly reproducible on a trial-by-trial basis which 

provides advantages when analyzing noisy neural activity.   

However, it is unclear if this highly reproducible behaviour comes at the cost of 

behavioural flexibility. For example, Bizzi and colleagues trained monkeys to reach to a 

goal and applied an assistive mechanical load that pushed the monkey’s limb towards the 

goal (Bizzi et al., 1982, 1984). Monkeys corrected by actively resisting the load in what 

appeared to be an attempt to return the limb to the original trajectory to the goal. In 

contrast, OFC models and humans performing a similar task do not return to the original 

trajectory and instead allow the load to push the hand towards the goal thereby exploiting 
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the fact that there are redundant trajectories (Cluff and Scott, 2015).  Thus, humans can 

exploit task redundancies, however it is unclear whether monkeys are capable of 

exploiting redundancies in an experimental setting due to overtraining and behavioural 

shaping. 

Here, we investigated whether monkeys could learn to exploit the spatial 

redundancy of a goal during reaching.  We found monkeys exhibited greater variability in 

their reach endpoints on unperturbed trials.  Further, monkeys corrected less for visual 

and mechanical perturbations of the limb when reaching for the spatially redundant 

target, consistent with exploiting goal redundancy.  Muscle recordings indicated that 

feedback responses to visual and mechanical perturbated reflected goal redundancy 

within <100ms.   
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3.3 Methods 

Two male monkeys (Macaca mulatta, 17-20kgs) were trained to sit in a primate chair and 

place their upper arm into a robotic exoskeleton (Scott, 1999, Kinarm, Kingston, 

Canada). The robot constrained the monkey’s arm to move in a two-dimensional plane 

and included a virtual reality system that could display virtual targets and visual feedback 

of the limb.  Experiments were approved by the Queen’s University Research Ethics 

Board and Animal Care Committee. 

 

Behavioural task for visual perturbations.  Monkeys were trained to make goal-directed 

reaches to targets in the virtual environment.  Visual feedback of the hand was provided 

by a white cursor (radius=0.8cm) aligned with the monkey’s index fingertip.  At the start 

of each trial, a start target (square, side length=1.2cm) appeared and the monkey was 

required to reach and hold their hand at the target for 750-1500ms.  Next, a goal target 

appeared that was located 8cm lateral, and 4.4cm in front of the start goal (total reach 

distance 9.2cm, Figure 3.1A). To reach the goal from the starting position monkeys had 

to primarily extend their elbow. When the monkey’s hand left the start target, they had 

900ms to reach and stabilize their hand within the goal for 500ms.  The goal could either 

be a narrow rectangle (length 2cm, width 2.2cm) or a wide rectangle with its long axis 

oriented perpendicular to the reach axis (length 12cm width 2.2cm).  On random trials, 

the cursor jumped lateral to the reach axis (lateral axis) by ± 4cm (Figure 3.1A, inset) 

once the hand was 2cm from the start target and on these trials monkeys were given an 

additional 500ms to reach to the goal.  Within a block of trials there were 6 no-jump  
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Figure 3.1  Experimental set-up.   

A) Monkeys placed their arm inside a robotic exoskeleton and were trained to reach from 

a starting position (Start Target) to either a narrow target (top) or wide target (bottom). 

Inset: on random trials, the visual feedback of the hand (cursor) jumped laterally by 4cm. 

B) Same as A) showing the configuration of the targets during the mechanical 

perturbation experiment. Inset: on random trials, mechanical loads were applied to the 

limb that displaced the limb laterally.  
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reaches (3 for both goal shapes), and 4 cursor-jump trials (2 directions x 2 goal shapes).  

Monkeys completed 10-25 blocks in a given recording session.   

 

Behavioural task for mechanical perturbations. The task was similar to the cursor 

perturbation task, but there were several changes to the shape and size of the goal targets.  

First, the size of the redundant axis of the wide goal was 28cm long (Figure 3.1B) and it 

was shaped like an arrowhead composed of two rectangles overlapping at the edges and 

at an angle of 110˚ with respect to each other. We chose this configuration as it brought 

the edges of the goal closer in proximity to the monkey’s arm, thus making it easier to 

reach on perturbation trials. On random trials mechanical loads were applied to the joints 

to displace the limb approximately orthogonal to the reach axis (Monkey M/A pushes 

limb away from body: shoulder 0.5/0.45Nm elbow 0/0Nm; pushes limb towards the 

body: shoulder -0.5/-0.45Nm elbow 0.15/0.1Nm; + flexion loads, - extension loads). 

Cursor feedback was temporarily removed for 200ms when the load was applied.  We 

also increased the number of unperturbed trials to reduce anticipatory corrections to the 

mechanical loads. Within a block of trials there were 8 no-load reaches (4 for both goal 

shapes), and 4 load trials (2 directions x 2 goal shapes).  Monkeys completed 10-15 

blocks in a given recording session.   

 

Estimating visual onsets. On cursor-jump trials, there is approximately a 20-49ms delay 

between when the command was sent to jump the cursor and when it actually updated the 

screen.  We estimated this delay on a trial-by-trial basis by using photodiodes placed at 
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the side of the screen and flashing white squares coincident to the photodiode locations 

when the cursor jumped.  

 

Muscle recordings. We implanted Monkey M with a 32-channel chronic EMG system 

(Link-32, Ripple Neuro, Salt Lake City UT).  The system had 8 leads that were inserted 

into the muscle belly and were attached to a processor.  Each lead had 4 separate contacts 

for recording intramuscular activity (impedance 20 kOhms). The processor was 

implanted under the skin and located near the midline of the back at the mid-thoracic 

level.  Muscles implanted were brachioradialis, brachialis, the lateral and long heads of 

the triceps, biceps (long head), pectoralis major, and anterior and posterior deltoids. An 

external receiver was connected to the skin over the processor using magnets in the 

receiver and processor.  The external receiver was capable of powering the internal 

processor and EMG signals were transmitted through the skin from the processor to the 

receiver by photodiodes.  The signals were then relayed to the Grapevine Neural Interface 

Processor (Ripple Neuro, Salt Lake City, UT), bandpass filtered (15-375Hz) and recorded 

at 2kHz.   

 

Kinematic recordings. The shoulder and elbow angles, angular velocities and angular 

accelerations were recorded by either a 128-Channel Neural Signal Processor (Blackrock 

Microsystems, Salt Lake City, UT) at 1kHz, or by the Grapevine Neural Interface 

Processor at 30 kHz. 

 

Data and statistical analyses 



 

93 

 

Kinematic analysis. The endpoint position of the reach was calculated by finding the hand 

position at the end of the trial (timepoint after 500ms hold period). This hand position 

was then projected onto the redundant axis of the wide goal by finding the location on the 

redundant axis that had the shortest distance to the hand position.   

 We estimated the timing of the kinematic corrections using the lateral hand 

velocity, which was defined as the velocity component perpendicular to the straight path 

connecting the start and middle of the goal (reach axis, Figure 3.1).  The lateral hand 

velocity was aligned to the onset of the perturbation (cursor jump or mechanical load) or 

the equivalent time point on no-perturbation trials (faux jump or faux load). The average 

velocity on no-perturbation trials was subtracted from the velocity on perturbation trials 

resulting in the change (Δ) in hand velocity.  Timing of when the lateral hand velocity 

differentiated based on goal shape was determined using receiver-operator characteristics 

(ROC) (Corneil et al., 2004; Gu et al., 2016; Pruszynski et al., 2016; Cross et al., 2019).  

At each time point we generated an ROC curve between the hand velocities for the 

narrow and wide goals.  The area under the ROC curve reflects how discriminable the 

trials for the narrow and wide goals are and can range from 0.5, indicating chance 

discrimination, to 0 and 1 indicating perfect discrimination.  We found the first time point 

that had an area >0.8/<0.2 and that was maintained above this threshold for 10 

consecutive time points (10ms).  We then traced backwards in time to the first time point 

that fell below/above 0.6/0.4 (knee).  
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EMG analysis. Muscle activity was down sampled to 1kHz. For each lead, we computed 

differential signals from the two most proximal contacts and two most distal contacts 

relative to the processor. 

 The differential signals were rectified and low-passed filtered with a 6th order zero-phase 

lag Butterworth filter at 50Hz. Muscle activities were aligned to the onset of the 

perturbation.  Muscle activities were then trial-averaged and the activities on no-

perturbation trials were subtracted from perturbation trials to yield the change in activity 

caused by the perturbation. Muscle activities were normalized by the mean perturbation-

related activity from 0-200ms after perturbation onset. 

 

Analysis of no-perturbation trials.  We compared magnitudes of muscle activity between 

reaches for the narrow and wide goals on no-perturbation trials.  Activities were averaged 

in the epoch starting 200ms before the faux-jump/faux-load onset until 200ms after the 

onset (movement epoch).  A two-sample t-test identified muscles that were significantly 

different between the narrow and wide goals (p<0.01).  We also examined how 

temporally correlated muscle activities were between the narrow and wide goals during 

the movement epoch using Pearson’s correlation coefficient. We compared the observed 

distribution across muscles with a shuffled distribution where correlations were computed 

between randomly selected muscles.  

 

Preferred direction and perturbation-sensitive criteria. A muscle’s preferred perturbation 

direction was calculated by averaging the perturbation-related activities over the first 

200ms after the perturbation onset for reaches to the narrow goal.  The direction with the 
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largest activity over this epoch was defined as the preferred direction. The same preferred 

direction was used for both the narrow and wide goals. 

 Perturbation-sensitive muscle samples were identified using a two-sample t-test 

comparing the activity on unperturbed trials with activity on perturbation trials in the 

muscle’s preferred direction in the epoch of 0-200ms after the perturbation onset. This 

was applied twice for each muscle, one test for each target shape.  Muscles were 

classified as “perturbation sensitive” if p<0.05 (Bonferroni correction factor 2). 

 

Epoch analysis.  We compared how perturbation-related activities differed between goal 

shapes over time. For the mechanical perturbations we divided each muscle’s activity into 

epochs of 20-50ms, 50-75ms, 75-100ms and 120-180ms based on previous work (Omrani 

et al., 2014; Pruszynski et al., 2014).  For the cursor perturbations we considered the 

same epochs but shifted 50ms forward in time (70-100ms, 100-125ms, 125-150ms and 

170-230ms) to account for the fact that muscle activities respond to visual feedback 

~50ms slower than for proprioceptive feedback (Franklin and Wolpert, 2008; Pruszynski 

et al., 2010, 2016; Dimitriou et al., 2013; Cross et al., 2019). For each muscle, we applied 

a two-way ANOVA with time (4 levels) and goal shape (2 levels) as factors.  Muscles had 

significant goal-shape modulation if there was a significant main effect for goal shape or 

if there was an interaction effect (p<0.05 Bonferroni correction 2).  Significant interaction 

effects were decomposed using post-hoc t-tests by comparing across goal shape within 

each time epoch (p<0.05 Bonferroni correction 4).  
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Population signal.  We calculated the population signal by averaging the activities for all 

perturbation-sensitive muscle samples in their preferred directions.  A difference signal 

was calculated by subtracting the activities for the wide goal from the narrow goal for all 

perturbation-sensitive muscle samples followed by averaging across samples.  The onset 

for the population signals were estimated by calculating the mean and standard deviation 

(SD) of the baseline activity (100ms before perturbation onset) and finding the first time 

point that exceeded the mean by 3SD for 20 consecutive time points (Omrani et al., 

2016).  We also used a running paired t-test (p<0.05 for 5 consecutive time points) as a 

separate method to calculate the goal-shape onset at the population level.  
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3.4 Results 

Our goal was to develop a reaching task to examine if monkeys could exploit the spatial 

redundancy of a goal.  The original tasks performed by humans involved a multi-joint 

reach directly in front of the shoulder joint (Nashed et al., 2012; Cross et al., 2019).  

However, our initial attempt to directly translate this task into the monkey was not 

successful as the monkey exhibited substantial bias towards reaching one end of the bar 

(note: humans can also show a similar bias, albeit smaller, Keyser et al., 2017).  Instead, 

we focus on reaches that primarily required an elbow extension movement, which 

produced more consistent behaviour (Figure 3.1).  Below, we first describe the 

experiments that involved cursor perturbations followed by the experiments that involved 

mechanical perturbations.  

Experiment 1: Goal redundancy and feedback responses to cursor jumps 

We trained two monkeys to reach to a goal that could be either a narrow square 

(Figure 3.1A top) or a wide rectangle (Figure 3.1A bottom; trials interleaved). For 

Monkeys M and A, we recorded 6 and 7 behavioural sessions of the animals performing 

the task on separate days which were spread across 1-2 years.  

Figure 3.2A shows the hand paths for Monkey M to the narrow (left) and wide 

(right) goals from one recording session. There was greater trial-by-trial variability in the 

hand position during the reach to the wide goal, whereas variability was considerably 

smaller during the reach to the narrow goal (Figure 3.2B).  This resulted in the monkey’s 

reach endpoints exhibiting greater dispersion along the redundant axis of the goal for 

reaches to the wide goal compared with reaches to the narrow goal (Figure 3.2A, C).  

Across recording sessions, there was no significant difference in mean endpoint position  
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Figure 3.2  Example kinematics on unperturbed trials for the cursor-jump variant 

of task.  

A) Top: Hand paths from one session for Monkey M to the narrow (left) and wide (right) 

goals.  Arrow denotes the direction of reach.  Dashed line on the wide goal denotes the 

redundant axis. Bottom: Reach endpoints and the 95% confidence ellipse.  B) Standard 

deviations of the hand position across trials for the narrow and wide goal reaches. C) 

Reach endpoint histograms for reaches to the narrow and wide goals from the same 

session as A).  Zero denotes the middle of the redundant axis (A, middle of dashed line). 

Arrows denote the means of the distributions. D) The mean endpoint position for the 

narrow and wide goals across all recording sessions from both monkeys. Yellow 

diamonds denote the means across sessions. E) Same as D) for standard deviation of the 

endpoint position. Hand paths on cursor-jump trials from the same session as A).  ** 

p<0.01, ***p<0.001.  
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for Monkey M and a 0.7cm difference in endpoint position for Monkey A (t(6)=3.8, 

p=0.01; Figure 3.2D).  We also found the standard deviation of the reach endpoints were 

4.2 and 1.5 times greater for the wide goal than the narrow goal for Monkeys M and A, 

respectively (Figure 3.2E; paired t-test Monkey M|A t(5)=8.3|t(6)=4.6, p<0.001|p=0.004). 

 Next, we examined the unperturbed hand velocities for reaches to the narrow and 

wide goals.  Figures 3.3A and B show the unperturbed hand velocities during the same 

recording session along the reach and lateral axes, respectively.  There was a small 

increase in the peak hand velocity for reaches to the wide goal as compared to reaches to 

the narrow goal.  Across recording sessions, we found a small increase in hand speed for 

the wide goal for Monkey M (narrow=0.48m/s, wide=0.51m/s, paired t-test t(5)=3.6, 

p=0.02), but no affect of goal shape on hand speed for Monkey A (narrow=0.52m/s and 

wide=0.52m/s, t(6)=2.0, p=0.1). 

 Next, we examined how goal redundancy affected corrective responses for 

unexpected cursor jumps.  Figure 3.4A shows Monkey M’s hand paths on cursor-jump 

trials for the narrow and wide goals.  There is a clear correction for the cursor jump when 

reaching for the narrow goal, whereas there is almost no correction when reaching for the 

wide goal.  There was also greater trial-by-trial variability in the hand position during the 

reach to the wide goal (Figure 3.4B) indicating that the monkey did not simply learn to 

reach for a particular location on the bar during cursor-jump trials.  We calculated the 

differences between reach endpoints on cursor-jump trials and the mean of the 

unperturbed reach endpoint (change in reach endpoint, Figure 3.4C). For the narrow goal, 

the change in reach endpoints for either cursor jump direction (blue solid line: jumps  
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Figure 3.3  Example hand velocity profiles for the cursor-jump variant of task.   

A) The hand velocity along the reach axis (see Figure 3.1) for the narrow and wide goals 

from the same recording session as Figure 3.2A). Velocity was aligned to the jump onset. 

Inset shows the unperturbed reaches to the narrow and wide goals.  B) Same as A) for the 

hand velocity along the lateral axis. C) The change in the lateral hand velocity on cursor-

jump trials for the narrow and wide goals.  Same recording session as A). Blue and red 

arrows denote the earliest corrective onset for the narrow and wide goals, respectively. 

Black arrows denote when corrective movements differentiate based on goal shape.  D)  

The earliest corrective onsets for the narrow (blue) and wide goals (red) along with the 

onsets for when corrections differentiated based on goal shape (black) across sessions.  

Yellow diamonds are the means across sessions. * p<0.05. 
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Figure 3.4  Example kinematics on cursor-jump trials.  

A) Top: Hand paths from Monkey M for cursor-jump trials. Same session as Figure 3.2A. 

Bottom: Reach endpoints and the 95% confidence ellipse.  B) Standard deviation of the 

hand position across trials for the narrow and wide goal reaches. C) The change in reach 

endpoint histograms.  Zero denotes the mean of the reach endpoints on unperturbed trials 

(Figure 3.2C arrows). Arrows denote the means of the distributions.  D) The mean 

change in reach endpoint for jumps away from the body across all recording sessions.  E) 

Same as D) for the standard deviation in reach endpoints. F-G) Same as D-E) for jumps 

towards the body. ** p<0.01, ***p<0.001.  
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away from body; blue dashed line: jumps towards body) were narrow distributions 

centered near zero (mean: solid 0.26cm, dashed -0.55cm) indicating that monkeys ended 

their reach at almost the same location as on unperturbed trials.  In contrast, for the wide 

goal the change in reach endpoints generated wide distributions that were centered ~3cm 

from the zero-mark (red solid 2.9cm, red dashed -3.6cm) indicating that the monkey 

largely ignored the cursor jump. Across sessions and in both jump directions, there was a 

greater change in endpoint position for the wide goal than the narrow goal (Figure 3.4D, 

F; paired t-tests: jumps away from body | towards body Monkey M t(5)=7.6| t(5)=11, 

Monkey A t(6)=49| t(6)=48.9, p<0.001 for all comparisons).  Furthermore, the standard 

deviation in reach endpoints was also significantly greater for reaches to the wide goal for 

Monkey M (Figure 3.4E, G; jumps away from body: paired t-test: t(5)=7.9, p<0.001; 

towards body: t(5)=8.4 p<0.001).  For Monkey A, a significant increase in the standard 

deviation in reach endpoints was found for jumps towards the body (t(6)=8.6 p<0.001) 

but not for jumps away from the body (t(6)=1.6 p=0.2). Thus, reach endpoints on cursor-

jump trials were more variable and biased towards the edges of the bar during wide goal 

reaches as compared to narrow goal reaches. 

 For cursor-jump trials, kinematic changes were primarily restricted to the lateral 

axis, which coincided with the direction that the cursor jumped (Figure 3.3A, B).  Figure 

3.3C shows the lateral hand velocity after subtracting the unperturbed hand velocity 

(Δlateral hand velocity).  For the narrow and wide goals, the monkey initiated a 

correction for the cursor jump within 123ms (blue arrow, narrow onset) and 163ms (red 

arrow, wide onset) of the jump onset, respectively.  Differences between corrective 

responses for the narrow and wide goals began to differentiate ~174ms after the jump 
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(solid and dashed black arrows; goal shape onset).  Across recording sessions, Monkeys 

M|A initiated a correction within 113|160ms and 160|173ms of the cursor jump for the 

narrow and wide goals, respectively.  Hand velocity differentiated based on goal shape 

starting at 181|178ms (average across both directions, Figure 3.3D).  A one-way repeated-

measures ANOVA with onset type as a factor (3 levels, narrow and wide goals, and goal 

shape) was significant for Monkey M (F(2,10)=5.0, p=0.03).  Post hoc paired t-tests 

revealed a significant difference between the narrow onset and the goal-shape onset 

(t(5)=4.1, p=0.02, Bonferroni correction factor of 3).  The ANOVA was not significant for 

Monkey A (F(2,12)=2.3, p=0.14). 

 From Monkey M, we also implanted a chronic EMG system that recorded the 

activities of eight muscles that spanned the shoulder and elbow joints.  The system 

allowed us to sample activity from each muscle twice and allowed us to record the same 

muscle across multiple recording sessions (see Methods).  We recorded muscle activities 

across two sessions and pooled trials.   

Figure 3.5A shows the average activity on unperturbed trials for the pectoralis 

major (PM shoulder flexor) muscle aligned to the faux-jump onset.  The temporal 

structure of the muscle activity was comparable between goal shapes, however, starting 

around the time of the faux-jump onset there was a greater increase in activity for the 

narrow goal than the wide goal.  In contrast, the long head of the triceps (TLong, 

shoulder and elbow extensor) exhibited similar temporal structure and activity 

magnitudes for the narrow and wide goals (Figure 3.5B). Across the population of muscle 

samples, 75% of samples had significantly greater activities for unperturbed reaches to 

the narrow goal than the wide goal in the movement epoch (two-sample t-test, p<0.01)  
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Figure 3.5  Muscle activity during unperturbed reaches to the narrow and wide 

goals for the cursor-variant of task.  

A) Average activity of the pectoralis major muscle for reaches to the narrow and wide 

goals.  Activity are aligned to faux jump onset. B) Same as A) for the long head of the 

triceps. C) Comparison of the mean narrow and wide goal activities across muscles inside 

the 400ms epoch centered on the faux jump onset. ‘r’ denotes Pearson’s correlation 

coefficient. Filled circles denote neurons with significantly different activities for the 

narrow and wide goals. D) Cumulative sum of the temporal correlation coefficients 

between the narrow and wide goal activities across muscles. Same 400ms epoch as C). 

Inset shows the median correlation coefficient from the shuffled distribution (mean ± 

standard deviation) and the observed median coefficient. 
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with the average activity for the narrow goal being 15% greater than the activity for the 

wide goal (Figure 3.5C significant neurons are filled circles).  However, the magnitudes 

of the muscle activities were highly correlated between the narrow and wide goals 

(Pearson’s correlation coefficient r=0.99).  Furthermore, there was a strong temporal 

correlation between muscle activities for the narrow and wide goal reaches with a median 

correlation coefficient of 0.65 across muscles, which was significant (shuffle r=0.17, 

p<0.001; Figure 3.5D).  Thus, muscle activity was largely similar between unperturbed 

reaches to the narrow and wide goals with a slight bias towards greater activity for 

reaches to the narrow goal.  

Figures 3.6A and B show the change in activities (ΔEMG) for PM and TLong for 

cursor-jump trials.  For both muscles, activity started to differentiate between jump 

directions starting in <100ms.  Activity also appeared to differentiate based on goal shape 

starting ~100ms after the jump with greater change in activity for the narrow goal than 

the wide goal.  Across the population, we found cursor jumps when reaching to a narrow 

goal caused a significant increase in muscle activity in the muscle’s preferred direction 

for 13 of 16 recorded muscle samples (jump sensitive). Importantly, we found only one 

muscle sample was significantly modulated by the cursor jump when reaching for the 

wide goal.  We averaged across muscle samples that were jump sensitive and found the 

population activity increased from baseline for the narrow goal starting ~89ms after the 

cursor jump (Figure 3.6C). However, we were unable to detect an onset for the wide goal.  

The population response differentiated based on the goal shape almost immediately with 

an onset detected at 87ms (Figure 3.6D).  Similar trends were found when analyzing 

onsets of individual muscles (Figure 3.6E). 
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Figure 3.6  Muscle activity in response to the cursor jumps.   

A) The change in activity for the pectoralis major muscle in response to the cursor jumps 

when reaching for the narrow and wide goals. B) Same as A) for the long head of the 

triceps. C) Group average change in muscle activity for the cursor jumps.  Muscle 

activities were averaged across their preferred directions. Blue arrow denotes when a 

significant increase in activity from baseline (100ms before cursor jump) started for the 

narrow goal reaches. No onset was detected for the wide goal reaches. D) The difference 

signal between the population activities for the narrow and wide goals.  Arrow denotes 

when a significant increase in activity from baseline started (i.e. differentiated based on 

goal shape, running paired t-test). E)  Onsets for individual muscles presented as a 

cumulative sum. Numbers in brackets reflect the number of muscle samples with a 

detectable onset.  F) Comparison between the absolute change in muscle activities for the 

narrow and wide goals in the 70-100ms epoch. Yellow diamond and bars denote the 

mean and standard deviation.  Filled circles denote muscle samples that had significantly 

different activities for the narrow and wide goals. G-I) same as F) except for the 100-

125ms (G), 125-150ms (H) and 170-230ms (I) epochs. 

  



 

107 

 

 Next, we compared each muscle’s response in its preferred direction for the 

narrow and wide goals in the epochs of 70-100ms, 100-125ms, 125-150ms, and 170-

230ms (Figure 3.6F-I).  Only muscle samples that were classified as jump-sensitive were 

included.  For each muscle we applied a two-way ANOVA with time (levels: four epochs) 

and goal shape (levels: narrow and wide) as factors and found 92% of samples had a 

significant interaction effect between time and goal shape (p<0.05, Bonferroni correction 

factor of 2). Post-hoc two-sample t-tests revealed, 15%, 38%, 62%, and 77% of samples 

had significantly different muscle responses in the 70-100ms, 100-125ms, 125-150ms 

and 170-230ms epochs, respectively (p<0.05, Bonferroni correction factor 4, Figure 3.6F-

I filled circles). Furthermore, in the 70-100ms epoch we found 92% of samples had 

muscle responses that were greater for the narrow goal than the wide goal. On average, 

the activity for the wide goal was 73%, 79%, 83% and 84% smaller than the activity for 

the narrow goal in the 70-100ms, 100-125ms, 125-150ms, and 170-230ms epochs, 

respectively. We examined group-level responses across trial-averaged muscle responses 

by applying a two-way repeated-measures ANOVA with time (levels: four epochs) and 

goal shape (levels: narrow and wide) as factors. We found a significant main effect of 

goal shape (F(1,11)=98 p<0.001) and an interaction between goal shape and time 

(F(3,33)=16.8, p<0.001). Post-hoc paired t-tests confirmed that responses for the narrow 

goal were significantly greater than for the wide goal in all epochs (70-100|100-125|125-

150|170-230: df =11 (all epochs), t(11)=3.5| t(11)=8.3| t(11)=7.8| t(11)=9.7, 

p<0.01|p<0.001|p<0.001|p<0.001, Bonferroni correction factor 4).  Collectively these 

results indicate M1 activity in response to visual feedback of the limb differentiates based 

on goal shape within ~80ms. 
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Experiment 2: Goal redundancy and feedback responses to mechanical loads 

We modified the above reaching task to probe feedback responses to mechanical 

loads. We increased the size of the redundant dimension of the goal to better differentiate 

corrections to the narrow and wide goals (Figure 3.1B).  We also adopted a shape for the 

wide goal that was similar to an arrowhead so that edges of the goal were in closer 

proximity to the monkey, thus making it easier to reach on perturbation trials. For 

Monkeys M and A, we recorded 10 and 11 behavioural sessions of the animals 

performing the task on separate days. 

Figure 3.7A shows the hand paths for Monkey M to the narrow (left) and wide 

(right) goals from one recording session.  Similar to the previous task, there was more 

variability in the reaches to the wide goal (Figure 3.7B, C).  Across sessions we found no 

significant different in endpoint position for Monkey M and a 0.7cm change in endpoint 

position for Monkey A(t(10)=6.1 p<0.001). The variability of reach endpoints were 2.2 

and 1.4 times greater for the wide goal than for the narrow goal for Monkeys M and A, 

respectively (Figure 3.7E; paired t-test Monkey M/A t=5.3/4.1, p<0.001/=0.002, 

df=9/10).  

 Figures 3.8A and B show the unperturbed hand velocities during the same 

recording session along the reach and lateral axes, respectively.  In contrast to 

Experiment 1, there was a small decrease in the peak hand velocity in both directions for 

the wide goal as compared to the narrow goal.  The hand speed was not significantly 

different for Monkey M (narrow 0.45m/s, wide 0.44m/s, paired t-test t(9)=1.5, p=0.2), 

however there was a significant reduction for the wide goal for Monkey A (narrow 

0.52m/s, wide 0.47m/s, t(10)=8.0 p<0.001).   
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Figure 3.7  Example kinematics for unperturbed trials for the mechanical-load 

variant of task.  

A) Hand paths from one session for Monkey M to the narrow (left) and wide (right) 

goals. Dashed line on the wide goal denotes the redundant axis. B) Standard deviations of 

the hand position across trials for the narrow and wide goal reaches. C) Reach endpoint 

histograms for reaches to the narrow and wide goals from the same session as A).  Zero 

denotes the middle of the redundant axis (A, middle of dashed line). Arrows denote the 

means of the distributions. D) The mean endpoint position for the narrow and wide goals 

across all recording sessions from both monkeys. Yellow diamonds denote the means 

across sessions. E) Same as D) for standard deviation of the endpoint position. ** p<0.01, 

***p<0.001. 
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Figure 3.8  Example hand velocity profiles for the mechanical-load variant of task.  

A) The hand velocity along the reach axis for the narrow and wide goals from the same 

recording session as Figure 3.7A). Velocity was aligned to the load onset. Inset shows the 

unperturbed reaches to the narrow and wide goals.  B) Same as A) for the hand velocity 

along the lateral axis. C) The change in the lateral hand velocity on mechanical-load trials 

for the narrow and wide goals. D) The time when corrections differentiated based on goal 

shape across sessions.  Yellow diamonds are the means across sessions. 
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 Next, we examined how goal redundancy affected corrective responses for an 

unexpected mechanical load.  Figure 3.9A shows Monkey M’s hand paths on mechanical-

load trials. There is a clear correction present when the monkey was reaching for the 

narrow goal, whereas when reaching for the wide goal monkeys exhibited greater 

variability and corrected less for the mechanical loads (Figure 3.9B, C).  Across sessions, 

there was a greater change in reach endpoints for the wide goal than the narrow goal 

(Figure 3.9D, F; paired t-tests: mechanical loads away from/towards body Monkey M 

t(9)=7.8| t(9)=4.9, Monkey A t(10)=9.5| t(10)=20, p<0.001 for all comparisons).  There 

was also greater variability in the reach endpoints on perturbation trials in both directions 

(Figure 3.9E, G; loads away from body t(9)=8.3|t(10)=5.4, p<0.001|p<0.001; loads 

towards body: t(9)=3.0|t(10)=4.5 p=0.01|p=0.001).  

For the mechanical-load trials, kinematic changes were primarily in the lateral 

axis though changes could also be detected in the reach axis (Figure 3.8A, B).  Detecting 

the earliest kinematic correction to a mechanical load is difficult as the limb is already 

moving due to the momentum from the load (Figure 3.8C).  However, we could detect 

differences in corrections based on goal shape that started at 147ms and 136ms for 

Monkeys M and A respectively (Figure 3.8D). 

         We pooled muscle activity recorded over the course of eight behavioural sessions as 

the differences in the corrective responses were comparatively weaker than for the cursor 

perturbations. Figure 3.10A and B shows the average muscle activity on unperturbed 

trials for PM and TLong aligned to the faux-load onset. Both muscles had similar 

temporal structure for the goal shapes, however, for PM there was greater activity for the 

narrow goal than the wide goal.  Across muscle samples, all samples had significantly  



 

112 

 

 
Figure 3.9  Example kinematics on mechanical-load variant of task.  

A) Top: Hand paths from Monkey M for mechanical-load trials. Same session as Figure 

3.8A. Bottom: Reach endpoints and the 95% confidence ellipse. B) Standard deviations 

of the hand position across trials for the narrow and wide goal reaches. C) The change in 

reach endpoint histograms.  Zero denotes the mean of the reach endpoints on unperturbed 

trials (Figure 3.8C arrows). Arrows denote the means of the distributions.  D) The mean 

change in reach endpoint for loads away from the body across all recording sessions.  E) 

Same as D) for the standard deviation in reach endpoints. F-G) Same as D-E) for loads 

towards the body. ** p<0.01, ***p<0.001. 
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Figure 3.10  Muscle activity during unperturbed reaches to the narrow and wide 

goals for the mechanical-load variant of task.  

A) Average activity of the pectoralis major muscle for reaches to the narrow and wide 

goals.  Activity are aligned to faux-load onset. B) Same as A) for the long head of the 

triceps. C) Comparison of the mean narrow and wide goal activities across muscles inside 

the 400ms epoch centered on the faux-load onset. ‘r’ denotes Pearson’s correlation 

coefficient. Filled circles denote neurons with significantly different activities for the 

narrow and wide goals. D) Cumulative sum of the temporal correlation coefficients 

between the narrow and wide goal activities across muscles. Same 400ms epoch as C). 

Inset shows the median correlation coefficient from the shuffled distribution (mean ± 

standard deviation) and the observed median coefficient.  
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greater activities for unperturbed reaches to the narrow goal than the wide goal in the 

movement epoch (two-sample t-test, p<0.01) with the average activity for the wide goal 

being 17% smaller than the activity for the narrow goal (Figure 3.10C significant neurons 

are filled circles).  However, the magnitudes were still highly correlated between the two 

goal shapes (Pearson’s correlation coefficient r=0.94).  Furthermore, there was a strong 

temporal correlation between activities for the narrow and wide goals (Figure 3.10D, 

median r=0.85), and the distribution across muscles was shifted more to the right than the 

shuffle distribution (Inset, r=0.39, p<0.001).  

Changes in muscle activity in response to the mechanical loads started within 

~50ms of an applied load (Figure 3.11A, B) with 94% and 88% of muscle samples 

responding to the load when reaching for the narrow and wide goals, respectively (load-

sensitive muscles).  The population activity across load-sensitive muscles increased from 

baseline starting at 52ms and 59ms for the narrow and wide goals, respectively (Figure 

3.11C). Activity differentiated based on goal shape starting at 73ms (Figure 3.11D, E). 

          Next, we compared each muscle’s response in the epochs of 20-50ms,50-75ms, 75-

100ms, and 120-180ms (Figure 3.11F-I). A two-way ANOVA with time and goal shape as 

factors found 80% of jump-sensitive neurons had a significant interaction effect. Post-hoc 

two-sample t-tests revealed 0%, 20%, 53%, and 67% of samples had significantly 

different muscle responses in the 20-50ms, 50-75ms, 75-100ms and 120-180ms epochs, 

respectively (two sample t-tests p<0.05, Bonferroni correction factor 4, Figure 3.11F-I 

filled circles). On average, the activity for the wide goal was 53%, 34%, 43% and 37% 

smaller than the activity for the narrow goal in the 20-50ms, 50-75ms, 75-100ms and 

120-180ms epochs, respectively. We applied a two-way RM ANOVA with time (levels:  
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Figure 3.11  Muscle activity in response to the mechanical loads.  

A) The change in activity for the pectoralis major muscle in response to the mechanical 

loads when reaching for the narrow and wide goals. B) Same as A) for the long head of 

the triceps. C) Group average change in muscle activity for the mechanical loads.  Muscle 

activities were averaged across their preferred directions. Blue and red arrows denote 

when a significant increase in activity from baseline (100ms before mechanical load) 

started for the narrow and wide goal reaches, respectively. D) The difference signal 

between the population activities for the narrow and wide goals.  Arrow denotes when a 

significant increase in activity from baseline started (i.e. differentiated based on goal 

shape, running paired t-test). E)  Onsets for individual muscles presented as a cumulative 

sum. Numbers in brackets reflect the number of muscle samples with a detectable onset.  

F) Comparison between the absolute change in muscle activities for the narrow and wide 

goals in the 20-50ms epoch. Yellow diamond and bars denote the mean and standard 

deviation.  Filled circles denote muscle samples that had significantly different activities 

for the narrow and wide goals. G-I) same as F) except for the 50-75ms (G), 75-100ms (H) 

and 120-180ms (I) epochs. 
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four epochs) and goal shape (levels: narrow and wide) to the trial-averaged muscle 

responses. We found a significant main effect of goal shape (F(1,14)=28.1 p<0.001) and 

an interaction between goal shape and time (F(3,42)=9.09, p<0.001). Post-hoc paired t-

tests confirmed that responses for the narrow goal were significantly greater than for the 

wide goal in the 75-100ms (t(14)=3.6, p=0.008) and 120-180ms (t(14)=5.1, p<0.001) 

epochs, but not significantly different in the earlier epochs (20-50ms t(14)=1.4 p=0.7; 50-

75ms t(14)=1.7 p=0.4). 
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3.5 Discussion 

Exploiting kinematic redundancies is an important principle in theories of motor control 

including OFC (Bernstein, 1967; Scholz et al., 2000; Todorov and Jordan, 2002; Latash, 

2012).  Several studies have demonstrated how humans are capable of exploiting 

redundancies during motor actions (Todorov and Jordan, 2002; Diedrichsen, 2007; Mutha 

and Sainburg, 2009; Knill et al., 2011; Dimitriou et al., 2012; Nashed et al., 2012, 2014; 

Cluff and Scott, 2015). Here, we demonstrate that monkeys are able to exploit the spatial 

redundancy of a goal as previously observed in humans.  Specifically, monkeys exhibited 

greater variability in their reach endpoints when reaching to a more spatially redundant 

goal. Further, rapid corrective responses to limb perturbations were greatly attenuated to 

exploit goal redundancy and were observable in muscle responses in <100ms.  

 Although it is impossible to know whether the monkey recognized that they could 

reach anywhere on the wide targets, there are several lines of evidence that indicate 

monkeys exploited goal redundancy similar to humans and OFC models. First, OFC 

predicts that trial-by-trial variability should be larger for goals with greater spatial 

redundancy with variability constrained along the redundant axis of the goal (Knill et al., 

2011; Nashed et al., 2012). Previous studies in humans (Knill et al., 2011; Nashed et al., 

2012; Cross et al., 2019) and the current study in monkeys demonstrate similar OFC-like 

structure in the trial-by-trial variability. Variability grows throughout the duration of the 

reach and culminates in greater variability in the reach endpoints constrained along the 

redundant axis of the wide goal.   

Second, OFC models predict that corrections to external perturbations should be 

smaller for more spatially redundant goals provided the perturbation is along the 
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redundant axis. Previous studies have demonstrated that humans share this feature in their 

corrective responses to visual and mechanical perturbations (Knill et al., 2011; Nashed et 

al., 2012; Cross et al., 2019).  Here, we demonstrate monkeys also show smaller 

corrective responses when reaching for the wide goal.  This was evident as a 2-4cm shift 

in the reach endpoints on perturbation trials from where monkeys were reaching on 

unperturbed trials.  In contrast, there was only <1cm shift in endpoints when monkeys 

were reaching for the narrow goal on perturbation trials.  Endpoints on perturbation trials 

were also more variable when reaching for the wide goal indicating monkeys did not 

simply learn to reach for a particular goal location on perturbation trials.  Collectively, 

these results suggest monkeys understood goal redundancy with behaviour comparable to 

human performance and did not simply learn an arbitrary mapping between sensory 

stimuli and behavioural response that mimicked the expected behaviour.   

Monkeys also generated muscle activity patterns to the mechanical loads that 

were similar to the OFC model and humans. OFC models predict an initial increase in 

control output in response to the mechanical load regardless of goal shape reflecting that 

the controller must counteract the external load to stabilize the limb (Nashed et al., 2012). 

Control output differentiates based on goal shape later with greater activity for the narrow 

goal to generate the necessary kinematic correction.  Muscle activity evoked by the 

mechanical loads exhibit similar patterns as the control output with an initial increase 

starting at ~50ms followed by differentiation based on goal shape starting at ~70ms in 

both humans (Nashed et al., 2012) and monkeys (present study). Other studies have also 

found humans and monkeys exhibit similar timing in when corrective responses to 

mechanical loads are modulated by different contexts including for limb physics (Kurtzer 
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et al., 2008; Pruszynski et al., 2011), task instruction (Hammond, 1956; Evarts and Tanji, 

1976; Pruszynski et al., 2008, 2014; Omrani et al., 2014), and adaptation (Cluff and 

Scott, 2013; Maeda et al., 2018, 2020) which all start 60-70ms after the onset of the load.  

Thus, monkeys are a useful model to investigate the neural circuits that underlie flexible 

feedback processing during motor actions. 

However, one limitation in our findings is that muscle activity was not identical 

between unperturbed reaches to the narrow and wide goals, with greater muscle activity 

for reaches to the narrow goal.  Presumably, this increased activity was also present on 

mechanical-load trials and poses a potential problem for interpreting onsets to mechanical 

loads due to a gain-scaling effect where muscle activity evoked by a load scales with the 

size of the background muscle activity (Marsden et al., 1976; Bedingham and Tatton, 

1984; Matthews, 1986; Stein et al., 1995; Pruszynski et al., 2009).  Thus, greater muscle 

activity for the narrow goal following a mechanical load could simply reflect a gain-

scaling effect. However, we believe this is unlikely as the effect of gain scaling typically 

only influences muscle activity within 20-50ms after an applied load (Pruszynski et al., 

2009; Nashed et al., 2012) whereas in our study activity differentiated based on goal 

shape started at 70ms.   

Several studies have provided evidence that primary motor cortex (M1) is 

involved with generating these flexible muscle responses.  M1 receives rich 

proprioceptive feedback with responses that start within ~20ms of an applied load 

(Conrad et al., 1974, 1975; Wolpaw, 1980; Fromm et al., 1984; Bauswein et al., 1991; 

Picard and Smith, 1992; Herter et al., 2009; Heming et al., 2019; Cross et al., 2020).  

Importantly, proprioceptive feedback responses in M1 are modulated by several 
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behavioural factors including limb physics (Pruszynski et al., 2011), prior instruction 

(Evarts and Tanji, 1976; Pruszynski et al., 2014), and task engagement (Omrani et al., 

2014) within 50ms of an applied load.  The flexible responses in M1 preceded the 

corresponding change in muscle activity by ~10ms consistent with the conduction delay 

between M1 and the periphery (Cheney and Fetz, 1984). Thus, if M1 is involved with 

generating proprioceptive feedback responses that exploits goal redundancy than M1 

activity reflecting goal redundancy should emerge ~60ms after the load onset. 

It is possible that other cortical areas may also contribute with generating muscle 

responses that are sensitive to goal redundancy.  Premotor cortex, somatosensory cortex 

and parietal area 5 all project to M1 (Jones et al., 1978; Porter and Lemon, 1993; Dea et 

al., 2016) and rapidly respond to proprioceptive feedback with the earliest responses 

arising in somatosensory cortex (Wolpaw, 1980; London and Miller, 2012; Omrani et al., 

2016).  Temporary inactivation of premotor cortex and parietal area 5 also impairs 

corrective responses to mechanical loads (Takei et al., 2021). However, each area appears 

to play a distinct role in processing sensory feedback.  Proprioceptive feedback responses 

in somatosensory cortex and parietal area 5 are largely unaffected by the behavioural 

goal, consistent with a role in state estimation (Omrani et al., 2016).  Further, deactivating 

area 5 results in behavioural impairments that mimic OFC models with deactivated state 

estimation (Takei et al., 2021).  In contrast, proprioceptive feedback responses in 

premotor cortex are modulated by the behavioural goal consistent with the control policy, 

but note these activity patterns arise ~30ms later than for M1 (Omrani et al., 2016). 

Deactivation of premotor cortex results in behavioural impairments that mimic OFC 

models with deactivated control policy (Takei et al., 2021).  Given that exploiting goal 
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redundancy is a property of the control policy, one hypothesis is that activity in premotor 

cortex should exhibit flexibility to goal redundancy whereas activity in somatosensory 

and parietal cortices should be largely unaffected.   

Monkeys also generated similar muscle activity patterns to the cursor jumps as an 

OFC model and humans.  Unlike mechanical loads, cursor jumps do not require the 

controller to counteract an external load as the disturbance is only a kinematic error.  

Thus, control output of the OFC model should be unaffected by the cursor jump when 

reaching for the wide goal.  Similarly, muscle activity of humans (Cross et al., 2019) and 

monkeys are largely unchanged by a cursor jump when reaching to a wide spatial goal.  

As a result, activity differentiates based on goal shape ~90ms after a cursor jump in both 

humans and monkeys. This differentiation is also unlikely due to a gain-scaling effect as 

a previous study found background muscle activity did not affect correction strength for a 

visual perturbation (Franklin et al., 2017).   

It is less clear how visual feedback is processed by fronto-parietal circuits and 

how behavioural context influences visual processing in these areas.  A common 

assumption is that visual feedback is processed by posterior parietal cortex which is then 

sent towards frontal circuits including M1 and premotor cortex (Goodale and Milner, 

1992; Desmurget et al., 1999; Pisella et al., 2000; Gaveau et al., 2014).  Thus, consistent 

with OFC visual feedback is processed initially by circuits involved with state estimation 

followed by circuits involved with implementing the control policy.  However, there is 

evidence that visual feedback responses arrive first in premotor cortex (50-70ms) 

followed by M1 (70-100) and finally parietal area 5 (120ms; Cisek and Kalaska, 2005; 

Archambault et al., 2011; Ames et al., 2014; Stavisky et al., 2017). Thus, one possibility 
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is that premotor cortex may generate the earliest muscle response to visual feedback 

rather than M1.   

Alternatively the superior colliculus may be involved with generating rapid motor 

responses to visual feedback (Pruszynski et al., 2010; Corneil and Munoz, 2014; Day, 

2014; Cross et al., 2019; Kozak et al., 2019). Activity in the superior colliculus correlates 

with muscle activity of the upper arm during reaching (Werner, 1993; Werner et al., 1997; 

Stuphorn et al., 1999) and stimulation of the superior colliculus can evoke reaching-like 

behaviour (Philipp and Hoffmann, 2014). Lesion studies in cats and humans also suggest 

a role for the superior colliculus in generating rapid muscle responses to visual stimuli for 

the upper limb (Alstermark et al., 1987; Day and Brown, 2001). Recently, we speculated 

that the earliest muscle response to visual feedback of the limb is generated by the 

superior colliculus based on observation that the earliest response was not sensitive to 

environmental obstacles, which is a characteristic expected of motor cortical involvement 

(Cross et al., 2019). Further investigations are needed to elucidate the underlying neural 

circuits involved with generating rapid visual responses for which our behavioural task 

could be invaluable.  
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Chapter 4 

Convergence of proprioceptive and visual feedback on neurons in 

primary motor cortex 
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4.1 Abstract 

An important aspect of motor function is our ability to rapidly generate goal-

directed corrections whether the limb or behavioural goal are disturbed. Primary motor 

cortex (M1) is a key region involved in feedback processing, yet we know little about 

how different sources of feedback are processed in this brain region. Here we examined 

feedback-related activity in M1 to compare how different sources (visual versus 

proprioceptive) and types of information (limb versus goal) are represented. We found 

sensory feedback had a broad influence on M1 activity and was organized such that limb 

and goal feedback tended to target the same neurons and had similar population-level 

structure. However, M1 was ~3 times more sensitive to proprioceptive feedback than 

visual feedback likely reflecting differences in the type of information conveyed by these 

sensory signals. Collectively, our results demonstrate a strong convergence of feedback 

sources in M1. 
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4.2 Introduction 

Sensory feedback plays a critical role in ensuring motor actions are successfully 

performed by providing information about motor errors and noise inherent in the sensory 

and motor systems. Feedback is also essential for generating overt corrections such as 

when someone bumps our arm while moving, or when the behavioural goal unexpectedly 

moves such as a glass tipping over when the table is bumped. While vision plays a 

dominant role for identifying most behavioural goals, both vision and proprioception are 

available for feedback about the limb.  Performing motor actions thus requires combining 

visual feedback of the goal with visual feedback of the limb and proprioceptive feedback 

of the limb. 

Primary motor cortex (M1) plays an important role in generating goal-directed 

corrections during motor actions. M1 receives rich sensory inputs from many brain 

regions involved in proprioceptive and visual processing including the parietal and 

frontal cortices (Jones et al., 1978; Zarzecki and Strick, 1978; Crammond and Kalaska, 

1989; Porter and Lemon, 1993; Buneo et al., 2002; Pesaran et al., 2006; McGuire and 

Sabes, 2011; Bremner and Andersen, 2012; Dea et al., 2016; Omrani et al., 2016; 

Gamberini et al., 2017; Piserchia et al., 2017; Kalidindi et al., 2020; Takei et al., 2020). 

M1 rapidly responds to proprioceptive feedback of the limb within ~20-40ms of an 

applied mechanical load (Evarts and Tanji, 1976; Wolpaw, 1980; Lemon, 1981a; 

Pruszynski et al., 2011; Omrani et al., 2014; Pruszynski et al., 2014; Heming et al., 2019) 

and to visual feedback of the limb and goal within ~70ms (Georgopoulos et al., 1983; 

Cisek and Kalaska, 2005; Ames et al., 2014; Stavisky et al., 2017).  Thus, M1 receives 
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both visual and proprioceptive feedback, but we know little about how these sources of 

sensory information are organized in M1 for online control. 

One extreme hypothesis is that all three feedback sources target a similar 

population of neurons (convergence hypothesis).  This hypothesis reflects the assumption 

that the motor system computes a difference vector between the visual location of the 

goal and an estimate of hand position, which is then used to calculate motor commands 

(Bullock et al., 1998; Sober and Sabes, 2003; Shadmehr and Wise, 2005; Burns and 

Blohm, 2010). This difference vector is commonly assumed to be computed upstream in 

premotor and posterior parietal cortices (Buneo et al., 2002; Pesaran et al., 2006; 

McGuire and Sabes, 2011; Bremner and Andersen, 2012; Piserchia et al., 2017). 

Consistent with this hypothesis are studies showing how corrective responses for sensory 

feedback of the limb can depend on properties of the goal including its location (Brenner 

and Smeets, 2003; Mutha et al., 2008; Pruszynski et al., 2008; Yang et al., 2011; 

Dimitriou et al., 2013; Cluff and Scott, 2015). Visual feedback about the limb can also 

affect how participants correct for proprioceptive errors (Wei and Körding, 2008; Ito and 

Gomi, 2020). Furthermore, Suminski et al., (2009) found proprioceptive feedback caused 

by passive movement of the limb and passive observations of a moving cursor influence 

overlapping circuits in M1.  However, it is unclear whether the same feedback processes 

used for rapid online corrections of an action are also active during passive observation of 

an action and whether these feedback sources overlap with goal information. If a 

difference vector is computed upstream and transmitted to M1 during movement, the 

prediction is that a common group of neurons in M1 should rapidly respond to 

mechanical and visual disturbances of the limb and visual disturbances of the goal.  



 

133 

 

Alternatively, each feedback source may influence M1 independently 

(independence hypothesis).  The motor system rapidly responds to proprioceptive (~20-

60ms) and visual (90-120ms) feedback, which may not allow the brain sufficient time to 

perform the necessary computations needed to integrate feedback sources.  Behavioural 

studies suggest that the motor system may have independent representations of the limb 

and goal (Franklin et al., 2016) as well as independent representations for visual and 

proprioceptive feedback of the limb (Krakauer et al., 1999; Shadmehr and Krakauer, 

2008; Oostwoud Wijdenes and Medendorp, 2017).  M1 receives inputs from many brain 

areas including primary somatosensory cortex (S1; Jones et al., 1978; Dea et al., 2016), 

an area that is primarily involved with processing proprioceptive and cutaneous feedback. 

The prediction for this hypothesis is that each feedback source will influence an 

independent set of neurons in M1.  

Here, we explored these two hypotheses by training monkeys to make goal-

directed reaches while disturbances to the limb and goal were applied. Our results 

demonstrate that proprioceptive feedback of the limb and visual feedback of the limb and 

the goal influence similar groups of neurons in M1.  There was also a high similarity 

between the M1 activity patterns generated by each feedback source consistent with the 

convergence hypothesis. Further, we demonstrate that M1 is ~3 times more sensitive to 

proprioceptive feedback than visual feedback.  Collectively, our results demonstrate 

visual and proprioceptive feedback are highly organized and converge on M1.  
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4.3 Results 

Behaviour, neural and muscle activities are similar with and without visual feedback of 

hand position 

 We trained monkeys to reach to a goal and on random trials applied perturbations 

to either the goal or limb during the movement (Figure 4.1A). For two perturbations, they 

involved either a jump to the visual feedback of the goal or visual feedback of the limb 

(white cursor; Figure 4.1B, C). We also probed proprioceptive feedback of the limb by 

applying a mechanical load that physically displaced the limb (Figure 4.1D).  To isolate 

the proprioceptive feedback response only, we transiently removed visual feedback of the 

hand (white cursor, removed for 200ms) at the time of the mechanical load. In order to 

verify this transient removal of vision had minimal impact on performance, we compared 

unperturbed trials where cursor feedback was provided for the entire trial (cursor-on 

trials) with trials where cursor feedback was transiently removed (200ms, cursor-off 

trials; Figure 4.1A). We found cursor-on and cursor-off trials had similar movement times 

(Figure 4.1E, S4.1A, E), but that there was an ~33% increase in endpoint position for 

cursor-off trials (Figure S4.1C, G).  Neural activity in M1 was also highly similar 

between cursor-on and cursor-off trials (Figure 4.2A) with activity magnitudes that were 

strongly correlated across neurons (Figure S4.2A-D r>0.90) and had regression slopes 

near unity.  Only ~5% of neurons displayed significantly different activities between the 

trial types (black circles; two-sample t-test, p<0.01). Muscle activity was highly similar 

between cursor-on and cursor off-trials (Figure 4.2A, bottom row) with activity 

magnitudes that were highly correlated across muscle samples (Figure S4.2E, F) and with 
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regression slopes near unity.  Only 6% of muscle samples displayed significantly 

different activities for  
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Figure 4.1 Example kinematics.   

A) Example hand paths of Monkey M reaching for cursor-on (top) and cursor-off trials 

(bottom). B-D) Example hand paths for goal jumps (B), cursor jumps (C) and mechanical 

loads (D). Solid and dashed lines are perturbations requiring corrections towards and 

away from the body, respectively.  E) The average hand speed on cursor-on and cursor-

off trials.  F-H) The change in the lateral hand velocity for goal jumps (F), cursor jumps 

(G), and mechanical loads (H).  Note, for the mechanical loads the change in lateral hand 

velocity starts at 0ms due to the displacement caused by the loads. 
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Figure 4.2 Example neuron activities.   

A) Activities from four example neurons (first four rows) and muscle activity (bottom 

row) during reaches for cursor-on (black) and cursor-off trials (grey).  Grey area 

demarcates when vision was removed. B-D) The change in activities (ΔActivity) for the 

same four example neurons and muscle activity in response to the goal jumps (B), cursor 

jumps (C) and mechanical loads (D). Solid and dashed lines are responses to 

perturbations requiring corrections towards and away from the body, respectively. 
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cursor-off and cursor-on trials. Thus, transient removal of visual feedback of the limb had 

minimal impact on motor performance during reaching and the corresponding M1 and 

muscle activities. 

 

Monkeys rapidly counteract perturbations to the limb and goal 

 Next, we examined corrections for the different perturbation types (goal jumps, 

cursor jumps, and mechanical loads).  Each perturbation type required corrections that 

moved the limb either towards the body (Figure 4.1B-D solid lines) or away from the 

body (dashed lines). Monkeys were able to quickly initiate a correction to each 

perturbation type within <200ms of the perturbation (Figure 4.1F-H).  Perturbations 

resulted in longer movement times (24-138% increase Figure S4.1B, F) and greater 

endpoint positions (13-119% increase Figure S4.1D, H) than the unperturbed reaches. 

 Many neurons displayed robust responses following mechanical and visual 

perturbations with four example neurons shown in Figure 4.2B-D.  The first neuron 

(Figure 4.2B, top row) displayed a reciprocal response for goal jumps within 100ms of 

the jump onset with an increase (solid) and decrease (dashed) in activities for corrective 

movements towards and away from the body, respectively. These changes in activity 

plateaued within 150ms of the jump onset and remained relatively constant over the next 

150ms.  However, the plateau for the inhibition response may reflect that the activity of 

the neuron was approaching 0sp/s (see Figure 4.2A top row). This neuron displayed a 

similar pattern of responses for cursor jumps (Figure 4.2C, top row) and mechanical 

loads (Figure 4.2D, top row). Neuron 2 (second row) displayed similar excitations for 

corrections away from the body across the different perturbation types. Neuron 3 (third 
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row) displayed a similar pattern of responses across the two visual perturbations with an 

increase and decrease in activities for the corrective movements away from and towards 

the body, respectively. This neuron had similar selectivity for the mechanical loads, 

however, its responses were noticeably smaller.  In contrast, neuron 4 (fourth row) 

exhibited considerably larger activity for the mechanical loads than either cursor jump or 

goal jump while still maintaining the same selectivity across perturbation types.  

Each perturbation type targets similar neurons in M1 

Our objective is to identify whether each feedback source targeted independent 

groups of neurons in M1. We classified neurons that had a significant response to each 

perturbation type by applying a three-way ANOVA with time epoch (two levels: 

baseline=100ms before perturbation onset, perturbation=0-300ms after perturbation 

onset), perturbation type (three levels: mechanical, cursor, goal) and perturbation 

direction (two levels: towards and away from the body) as factors. For Monkeys M|A, we 

found 71|76% (n=122|65) of neurons had a significant main or interaction effect(s) with 

time (p<0.0125), which we labeled as perturbation-responsive neurons. We identified 

neurons that were responsive to a particular perturbation type by using a two-way 

ANOVA with time and perturbation direction as factors. Similar percentages of neurons 

were responsive for goal jumps (55|54%, n=94|51), cursor jumps (44|60% n=75|51) and 

mechanical loads (55|60% n=94|46). These neurons received sensory feedback rapidly as 

the onset of perturbation-related activity at the population level occurred within <100ms 

with responses to the mechanical loads arising earlier (Monkey M|A: 43|57ms) than for 

either visual jump (goal=78|74ms, cursor=83|82ms; Figure 4.3A, C).  Similar results were  
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Figure 4.3 Proprioceptive feedback alters M1 activity earlier than visual feedback.  

A) The average activity across neurons for Monkey M.  Arrows indicate when a 

significant increase from baseline was detected. Only neurons with significant activity for 

at least one perturbation type were included.  B) The onset across individual neurons for 

each perturbation type presented as a cumulative sum. C-D) Same as A-B) except for 

Monkey A. E-F) Same as A-B) except for muscle activity from Monkey M.   
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found when examining individual onsets (Figure 4.3B, D) and a one-way ANOVA with 

onset type as a factor (3 levels: mechanical, goal and cursor) revealed a significant main 

effect (Monkey M: F(2,295)=12.6, p<0.001, Monkey A: F(2,168)=10.3, p<0.001).  Post-

hoc tests confirmed that onsets for the mechanical-related activity started earlier (Monkey 

M|A mean 119|106ms) than either visual perturbation (goal 140|143ms p=0.01|p=0.002, 

cursor 159|155ms p<0.001|p<0.001). Onset differences between the two visual 

perturbations were not significant (p=0.05|p=0.49). 

From the percentages of neurons that responded to each perturbation type we 

estimated the number of neurons expected to respond to zero, one, two and three 

perturbation types assuming responses were independently assigned (expected 

distribution). Perturbation responses were significantly more overlapped than the 

expected distribution (Monkey M|A: χ2 =113.9|68.1, df=4, p<0.001|<0.001).  In Monkey 

M|A, 15|13% (n=26|11) of neurons responded to only one perturbation type, which was 

2.4|2.4 times smaller than the expected distribution (Figure 4.4A, C). In contrast, 28|36% 

(49|31) of neurons responded to all three perturbation types (common neurons), which 

was 2.6|3.4 times greater than the expected distribution. 

Thus, there was substantial overlap between groups of neurons responsive to each 

feedback source. However, this finding may reflect a strong overlap between just two of 

the perturbation types or it could reflect an overlap among all three perturbation types. 

We repeated the analysis across pairs of perturbation types (Figure 4.4B, D).  

Consistently, the number of neurons that responded to both perturbation types was 1.3-

1.5 times greater than the expected distribution. Contrastingly, the number of neurons that 

responded to only one perturbation type was 1.5-3.4 times smaller than the expected  
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Figure 4.4 Each perturbation type influences overlapping neurons.  

A) Venn diagram showing the number of neurons observed (Obs) in each class for 

Monkey M.  The diagram also shows the number of expected (Exp) neurons assuming an 

independent distribution.  Chi reflects the classes contribution to the total χ2 value ([Obs-

Exp]2/Exp). B) Venn diagrams classifying neurons using only two perturbation types for 

Monkey M. C-D) Same as A-B) except for Monkey A.  
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distribution.  Significant differences between the observed and expected distribution of 

neurons were found across all perturbation pairs (χ2 test, p<0.01). Collectively, these 

results indicate that each perturbation type influenced an overlapping set of neurons in 

M1. 

Neurons maintain their response ranges across perturbation types 

A different way that each feedback source could independently influence M1 is by 

driving distinct activity patterns in the same neuron population. For example, a neuron 

may be strongly driven by one perturbation type but only weakly driven by a different 

perturbation type. At the extreme, neurons may even change their selectivity (i.e. tuning) 

for the loads: increase activity for the correction towards the body for one perturbation 

type but decrease activity for the same correction for a different perturbation type.   

           We explored this by examining the response range, which was calculated by taking 

the difference between activities for the two opposite perturbation directions (e.g. Figure 

4.2B dashed subtracted from solid) and averaging the difference over the perturbation 

epoch. Neurons with greater responses for the corrections away from or towards the body 

will have positive or negative response ranges, respectively. Figure 4.5A and D compares 

the response ranges for goal- (abscissa) and cursor-related (ordinate) activities. Neurons 

responsive to all three perturbation types (black circles) resided near the unity line (solid 

line) and were highly correlated across the population (Monkey M|A:correlation 

coefficient r=0.90|0.97, p<0.001 for both). The axes that captured the largest amount of 

variance (dashed black lines, total least squares regression) had a slope slightly less than 

unity (0.84|0.86) indicating that the responses for the cursor jumps were ~15% smaller 

than the goal jumps (shuffle control p=0.002|p<0.001). We found significant but  
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Figure 4.5  M1 neurons have similar response ranges across perturbation types.   

A) Comparison of the response ranges between activities for the goal and cursor jumps.  

Black circles: neurons responsive to all three perturbation types.  Grey circles: neurons 

responsive to at least one perturbation type.  “r” is the Pearson’s correlation coefficient. 

Dashed lines reflect the line of best fit identified using total least squares regression 

(slope indicated in quadrant 2).   B) Same as A) except comparing mechanical loads and 

goal jumps.  C) Same as A) except comparing mechanical loads and cursor jumps.  D-F) 

Same as A-C) except for Monkey A. G-I) Same as A-C) except for muscle activity from 

Monkey M. 
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noticeably weaker correlations when comparing the response ranges between the 

mechanical-related activities (abscissa) and activities related to either visual perturbation 

(ordinate; Figure 4.5B-C, E-F; mechanical with goal r=0.85|0.86, mechanical with cursor 

r=0.75|0.86, p<0.001 for all). The slope was less than unity (mechanical with goal 

slope=0.86|0.85, mechanical with cursor slope=0.68|0.72) indicating that the responses 

for the visual perturbations were ~22% smaller than for the mechanical loads.  Inclusion 

of all perturbation-responsive neurons yielded similar results (Figure 4.5 grey circles).   

From the response ranges, we could determine if neurons maintained their 

selectivity for corrective movements across perturbation types. These neurons resided in 

the first and third quadrants of Figure 4.5 and we found a large majority of neurons 

maintained their selectivity across all three perturbation types (neurons responsive to all 

three perturbation types: Monkey M|A 82|87%; all perturbation-responsive neurons: 

70|72%).  Collectively, these results indicate that each feedback source had similar 

influences on individual M1 neuron responses. 

Next, we compared the size of the perturbation-related activity relative to the 

movement-related activity during unperturbed reaching (Figure 4.2, S4.3A).  Figure 

S4.3B compares the magnitude of the movement-related activity during unperturbed 

reaching (aligned to movement onset: movement epoch -50 to 250ms after movement 

onset) with the magnitude of the response range for perturbed reaches.  We found 

approximately equal number of neurons had either larger perturbation-related activities or 

movement-related activities (Figure S4.3B, C).  Thus, the perturbation-related activity 

was comparable in magnitude to the activity required to generate the initial reaching 

movement. 
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Overlap between mechanical- and visual-related M1 activity patterns at the population 

level 

Our results so far demonstrate that each feedback source targets a largely 

overlapping population of M1 neurons and that individual neuron responses are generally 

similar across feedback sources.  However, recent studies have demonstrated that the 

same neuron population can represent different types of information independently by 

sequestering the information into orthogonal subspaces (Kobak et al., 2016; Ames and 

Churchland, 2019; Heming et al., 2019; Keemink and Machens, 2019; Cross et al., 2020).  

For example, neurons in M1 have similar tuning for reach direction during preparation 

and execution (Crammond and Kalaska, 2000).  However, these activity patterns reside in 

orthogonal subspaces (Kaufman et al., 2014; Elsayed et al., 2016). Thus, for the 

independent-input hypothesis each perturbation type may evoke an activity pattern that 

resides in an orthogonal subspace with respect to the other two perturbation types.   

We explored this hypothesis by using principal component analysis (PCA) to 

identify the low-dimensional subspace each perturbation-related activity resided in. We 

used a cross-validated approach to prevent overestimating differences between subspaces 

due to sampling noise. The top-ten principal components captured 81-90% of the 

variance for the data used to train the principal components (open circles Figure 4.6A-C, 

E-G). Figure 4.6A, E shows the variance captured by the top-ten principal components 

generated from the goal-related activity. These components captured a substantial amount 

of the goal-related variance from the left-out trials (variance accounted for: Monkey M|A 

=55|73%) and the cursor-related variance (44|65%).  These components also captured a 

substantial amount of the mechanical-related variance (36|43%), though noticeably  
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Figure 4.6 Activity patterns overlap across perturbation types.  

A) Variance accounted for by the top goal-jump principal components for Monkey M. 

Variance for the goal-jump trials was calculated for the training set (open) and for the 

left-out trials (red). Circles and bars denote the median and the 5th and 95th percentiles of 

the distributions. B-C) Same as A) for cursor jumps and mechanical loads. D) Overlap 

index between perturbation types (clear bars) and the shuffle and within-perturbation 

distributions (filled bars).  Bars denote the median and 5th and 95th percentiles of the 

distribution. E-H) Same as A-D) except for Monkey A. I-H) Same as A-D) except for 

EMG from Monkey M. 
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smaller than either visual perturbation. Similarly, Figure 4.6B and F shows the variance 

captured by the top-ten cursor principal components. These components captured more 

cursor-related (49|69%) and goal-related (44|66%) variance than mechanical-related 

variance (30|45%). Lastly, Figure 4.6C,G shows the variance captured by the top-ten 

mechanical principal components. These components captured more mechanical-related 

variance (59|74%) than variance for either visual perturbation (goal 35|40%,cursor 

32|40%). 

 Another approach to quantify the similarity in the population structure between 

feedback sources is by calculating the overlap index (Rouse and Schieber, 2018).  The 

overlap index ranges from 0, indicating no overlap between subspaces (i.e. orthogonal), 

to 1 indicating perfect overlap.  For comparison, we generated a null distribution that 

compared how overlapping two subspaces were after randomly shuffling neuron labels 

(Shuffle).  We also generated a null distribution that quantified the maximum overlap 

expected given sampling noise by calculating the overlap between two independent 

samples from the same perturbation type (within-perturbation distribution).  The overlap 

between goal- and cursor-related activities was large (Monkey M|A=0.63|0.82; Figure 

4.6D, H) and was close to the within-perturbation distribution (0.73|0.89), though it was 

still significantly smaller (p=0.03|0.01).  The overlap between the mechanical-related and 

visual-related activities were smaller than the within perturbation distribution 

(mechanical with goal = 0.42|0.47; mechanical with cursor = 0.36|0.46; within-

perturbation p<0.001 for all), however they were still significantly greater than the 

shuffled distribution (p<0.001).  Collectively, these results indicate each perturbation type 

evoked similar population-level structure. 
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Overlap across perturbation types emerges immediately with perturbation-related activity 

 Next, we examined how the overlap evolved over time between the different 

perturbation types. One possibility is that each feedback source is initially represented 

independently by the motor system before being gradually integrated (Franklin et al., 

2016; Oostwoud Wijdenes and Medendorp, 2017).  Thus, the prediction is that the 

overlap between perturbation types should gradually emerge. We calculated the overlap 

index every 20ms over the perturbation epoch (Figure S4.4A).  We found the overlap 

index between the goal- and cursor-related M1 activities emerged within ~100ms (black 

line) post-perturbation and was comparable to the within-perturbation distributions of the 

goal-related (green line) and cursor-related activities (blue line).  Further, the overlap 

between the mechanical- and visual-related M1 activities emerged within ~100ms of the 

perturbation onset.  Note, that the increase in the overlap index proceeded the within-

perturbation onset for the mechanical loads (red line) reflecting that M1 responds earlier 

for mechanical loads than visual jumps (Figure 4.3A, C).  Interestingly, there was a small 

delay in the overlap between the mechanical and visual perturbations for Monkey A 

(Figure S4.4E, F) which may reflect a small-time window of integration. Similar trends 

were found in the muscle activity (Figure S4.4G-I). Thus, the overlap between 

perturbation types emerged rapidly in the network. 

Muscle activity exhibits similar overlap between perturbation types as M1 activity 

 Next, we examined the change in muscle activity in response to the different 

perturbation types.  We found a significant change in muscle activity (Figure 4.2B-D 

bottom row) in 81% (n=13), 88% (14) and 100% (16) of muscle samples for the goal 

jumps, cursor jumps and mechanical loads, respectively.  There was a strong correlation 
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between response ranges for the goal- and cursor-related activities (r=0.83, p<0.001, 

Figure 4.5G) and the slope was less than unity (slope=0.68) indicating responses for the 

cursor jump were 32% smaller than for the goal jump.  We also found strong correlations 

between the mechanical-related response ranges and the response ranges for either type 

of visual disturbance (Figure 4.5H-I; mechanical with goal r=0.87, mechanical with 

cursor r=0.89, p<0.001 for both). However, we found the slopes were considerably 

smaller than unity (mechanical with goal: 0.39; mechanical with cursor: 0.29) indicating 

that muscle activity for the visual perturbations were ~66% smaller than for the 

mechanical loads.  As expected, almost all (except one) of the muscle recordings 

maintained their selectivity across all perturbation types.  

Figure 4.6I shows the top-ten goal principal components for muscle activity.  

Unlike neural activity, these ten components captured nearly all of the variance for the 

goal jump, cursor jump and mechanical loads.  This is due to the smaller number of 

muscles recorded as the entire space of muscle patterns occupies a maximum of 16 

dimensions. In contrast, neural activity can occupy 172 and 85 dimensions for Monkeys 

M and A, respectively.  We mitigated this problem by restricting our observations to the 

top-three components as three components captured a similar amount of variance from 

the training data (range: 82-84%) as the ten components captured for the neural activity 

(82-90%).  We found the top-three goal principal components captured a substantial 

amount of the goal- (76%) and cursor-related (74%) muscle variance but captured 

slightly less of the mechanical-related variance (68%). Similarly, the top-three cursor 

principal components captured a substantial amount of the cursor- (77% Figure 4.6J) and 

goal-related (73%) muscle variance but captured less of the mechanical-related variance 
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(61%). Lastly, the top-three mechanical principal components captured a substantial 

amount of the mechanical-related muscle variance (84% Figure 4.6K) but captured less 

of the muscle variance for either visual perturbation (goal 59%, cursor 58%).   

We computed the overlap index between muscle responses and found results that 

were similar to M1 activity (Figure 4.6L).  There was a high overlap between the goal 

and cursor-related activities (0.82) that was comparable to the within-perturbation 

distribution (0.93), though still significantly smaller (p=0.02).  We also found a partial 

overlap between the mechanical-related activity and the visual-related activities 

(mechanical and goal 0.65, mechanical and cursor 0.62), which were significantly greater 

than the shuffle distribution (overlap=0.13, p<0.001). Collectively, these analyses 

indicate that different patterns of muscle activity were needed to correct for each 

perturbation type which could explain the partial overlap observed between the 

mechanical- and visual-related M1 activities. 

Overlap is still present when examining other movement directions 

One concern is whether we adequately characterized M1’s responses to each 

perturbation type as we sampled from only two perturbation directions. This seems 

unlikely as previous work has shown that a greater proportion of M1 neurons respond 

maximally to perturbations that involve either combined shoulder flexion and elbow 

extension (corrections away from body) or combined shoulder extension and elbow 

flexion (towards body; Cabel et al., 2001; Scott et al., 2001; Kurtzer et al., 2006; Lillicrap 

and Scott, 2013). Nonetheless, we verified that sampling from more perturbation 

directions yielded virtually the same overlap. Monkeys completed separate blocks of the 

same lateral reach (Figure S4.5A) and also blocks of a sagittal reach starting from near 
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the body and reaching to a distant goal (Figure S4.5B).  For the sagittal reach, the 

perturbations required a corrective movement that either flexed the shoulder and elbow 

joints (Figure S4.5B solid lines) or extended the shoulder and elbow joints (dashed lines).  

The perturbations for the lateral and sagittal reaches yielded four perturbation directions 

for each perturbation type. We found response ranges were correlated between 

perturbation types with the strongest correlation between goal jumps and cursor jumps 

(Figure S4.5C, E, response range for sagittal reach shown only, Monkey M|A n=82|45).  

For the sagittal reach, activity related to goal jumps tended to be larger than activity 

related to cursor jumps or mechanical loads.  Critically, we found the overlap between 

goal- and cursor-related activities was substantial (Monkey M|A=0.72|0.75, Figure 

S4.5D, F) and was close to the within-perturbation distribution (0.80|0.85), though it was 

still significantly smaller (p=0.01|<0.001). The overlap between the mechanical-related 

activity with either visual-related activity was smaller than the within-perturbation 

distribution (mechanical with goal = 0.50|0.49; mechanical with cursor = 0.48|0.45; 

within-perturbation p<0.001 for all). However, it was still significantly greater than the 

shuffled distribution (p<0.001). 

M1 is ~3 times more sensitive to proprioceptive than visual feedback 

 So far, we have compared visual perturbations that instantaneously jump the 

position of the goal or cursor, with mechanical perturbations that gradually displaced the 

limb over 100-200ms (Figure 4.1H). While cursor and target jumps are standard 

experimental techniques to assess visual feedback (Georgopoulos et al., 1983; Dimitriou 

et al., 2013; Ames et al., 2014; Franklin et al., 2016; Stavisky et al., 2017), the different 

spatial and temporal characteristics of these perturbations make it difficult to directly 
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compare M1’s sensitivity to proprioceptive and visual feedback errors. For a direct 

comparison, we compared M1’s sensitivity to the mechanical loads with cursor 

perturbations that slid along a pre-specified trajectory (cursor slide Figure 4.7A-B). The 

cursor’s trajectory on cursor-slide trials was highly similar to the limb’s trajectory  

following a mechanical load for the first 200ms with an average goodness of fit (R2) of 

0.95 and 0.93 for Monkeys M and A, respectively (Figure 4.7C). We found movement 

times for the mechanical loads were significantly shorter than for cursor slides (Figure 

4.7D; Mann-Whitney U test, Monkey M: U=14649, n=230, p<0.001, Monkey A: 

U=2454, n=98, p<0.001).   

We included cursor-jump trials to identify neurons that were sensitive to visual 

stimuli (kinematics not shown).  Note, we only used cursor perturbations to limit the 

number of trials as cursor and goal jumps evoked highly similar activity patterns and only 

differed in magnitude by ~15% (Figure 4.5A, D).  We recorded from 60 and 68 neurons 

from Monkey M and A, respectively.  We found 57|57% (n=34|39) and 43|60% (26|41) 

responded to the mechanical loads and cursor jumps, respectively, and 40|44% (24|30) 

responded to both perturbations.  We found the cursor slide evoked a more gradual 

response in M1 as compared to the mechanical load or a cursor jump (Figure 4.7E, H).  

Response ranges indicated that activity related to the cursor slide was ~65% smaller than 

activity related to the mechanical loads (Figure 4.7F, I), whereas activity related to the 

cursor jump was 21% smaller than activity related to the mechanical loads (Figure 4.7G, 

J).  Muscle activity in response to the cursor slide also gradually accumulated (Figure 

4.7K).  Cursor-slide muscle activity was 85% smaller than activity related to the 

mechanical loads (Figure 4.7L), whereas cursor-jump muscle activity was 64% smaller 
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(Figure 4.7M).  Collectively, these results suggest M1 and muscle display 2.9- and 6.6-

times greater activities, respectively, for deviations of the hand generated by a mechanical 

disturbance as compared to a similar-sized visual disturbance.  
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Figure 4.7 M1 is more sensitive to mechanical than visual perturbations.  

A) For Monkey M, hand paths for the mechanical loads (red traces) and the cursor’s path 

on cursor slide trials (cyan traces).  B) In the lateral direction (see A), the change in 

position of the hand and cursor on mechanical load and cursor slide trials respectively. C) 

The R2 across sessions comparing how well the cursor slide trajectory fit the limb 

trajectory on the mechanical load trials (Monkey M|A n=7|3). Yellow diamonds reflect 

the mean. D) Movement times for all mechanical load and cursor slide trials.  Arrows 

denote medians. E) The average activity across neurons for each perturbation type.  F) 

Comparison of response ranges between mechanical loads and cursor slide.  Presented 

the same as in Figure 4.5. G) Same as F) except for comparing mechanical loads with 

cursor jumps. H-J) Same as E-G) except for Monkey A. K-M) Same as E-G) except for 

muscle activity. 
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4.4 Discussion 

We explored how visual and proprioceptive information related to the limb and 

goal are represented in M1. We found many neurons in M1 responded to sensory 

feedback about the limb and goal. Importantly, these different feedback sources were 

organized in M1 such that they largely targeted the same neurons and generated the same 

population-level structure. M1 was also more sensitive to proprioceptive feedback than 

visual feedback when using perturbations that had similar changes in position and 

velocity. Interestingly, by comparing mechanical and visual responses we could estimate 

that M1 generates ~50% of the muscle activity in response to a mechanical load. 

Our results indicate that visual and proprioceptive feedback had a rapid and potent 

influence on M1 processing.  We found a small majority of neurons responded to 

proprioceptive (58%) feedback consistent with previous studies (Rosén and Asanuma, 

1972; Conrad et al., 1975; Lemon et al., 1976; Wong et al., 1978; Fetz et al., 1980; 

Lemon, 1981b; Fromm et al., 1984; Hummelsheim et al., 1988; Bauswein et al., 1991).  

We also found a similar percentage of neurons that responded to visual feedback of the 

limb (52%) and goal (55%).  Both visual and mechanical disturbances required corrective 

responses of about 3-4cm and the corresponding activity in M1 was comparable in size to 

M1 activity when initiating the 8-10 cm reaching movements. Proprioceptive feedback 

started to influence M1 activity within ~50ms of a disturbance, whereas visual feedback 

influenced M1 activity within ~80ms of a disturbance.  The longer delay for vision is 

partly due to processing time of the retina as the lateral geniculate nucleus, an areas 

immediately upstream of the retina, responds to visual input within ~20-30ms (Maunsell 

et al., 1999). In contrast, muscle spindles respond to a muscle stretch within ~3ms 
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(Schäfer et al., 1999) and the conduction delay to first-order thalamic nuclei are 

approximately 6ms  (Lemon and van der Burg, 1979). Thus, sensory feedback has a 

potent influence on M1 processing when responding to external disturbances and it is 

likely that sensory errors generated during natural reaching also have a potent influence 

(Crevecoeur et al., 2012; Crevecoeur and Kurtzer, 2018; Takei et al., 2018). 

Interestingly, the timing for proprioceptive feedback was noticeably longer than 

previous studies that demonstrate M1 responds within ~20ms of a mechanical load 

(Evarts and Tanji, 1976; Wolpaw, 1980; Fromm et al., 1984; Boudreau and Smith, 2001; 

Pruszynski et al., 2014).  These different timings may reflect task differences as previous 

studies have applied loads during posture, whereas the present study applied loads during 

reaching. This is an active area of investigation in our lab. 

Importantly, we provide evidence that supports the convergence hypothesis for 

how M1 responds to different sources of sensory feedback.  First, each feedback source 

targeted a highly overlapping population of neurons. Second, neurons maintained their 

selectivity and response range for the corrective responses across the different 

perturbation types. Lastly, we found a strong similarity in the population structure as 

principal components trained on one perturbation type captured a substantial amount of 

variance for the other perturbation types. The high similarity in the population structure 

emerged at the same time as the perturbation-related activity suggesting that these 

feedback sources converged immediately in the network.  These results are broadly 

consistent with Suminski et al., (2009) who found a substantial number of M1 neurons 

that responded to passive movements of the limb (proprioceptive) and visual movement 
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of hand feedback. Thus, sensory feedback about the limb and goal converge onto the 

same circuit in M1 and give rise to similar population-level structure. 

The high convergence of sensory feedback suggests that areas upstream of M1 are 

responsible for combining these information sources. It is commonly assumed that frontal 

and parietal cortices are involved with state estimation where proprioceptive and visual 

feedback are integrated into a common limb estimate (Scott, 2012).  These areas receive 

proprioceptive and visual feedback with subpopulations of neurons that are responsive to 

both sensory modalities (Rizzolatti et al., 1981a, 1981b; Bakola et al., 2010; Omrani et 

al., 2016; Gamberini et al., 2017). Several neurophysiological investigations have also 

indicated that these same areas are involved with generating a movement vector by 

combining limb and goal feedback (Buneo et al., 2002; Pesaran et al., 2006; McGuire and 

Sabes, 2011; Bremner and Andersen, 2012; Piserchia et al., 2017). While this movement 

vector is commonly assumed to reflect a spatial representation, it may reflect a more 

complex neural space including information related to arm geometry if areas such as 

parietal area 5 participate in this process (Scott et al., 1997).   

Consistent with upstream state estimation is that M1 activity was largely 

unaffected by the transient removal of cursor feedback. Other groups have found that the 

motor system is insensitive to the removal of cursor feedback and have interpreted this as 

evidence that reaching involves a ballistic phase where feedforward motor commands 

transport the limb towards the goal with little influence from sensory feedback 

(Woodworth, 1899; Meyer et al., 1988; Suway and Schwartz, 2019).  However, our 

perturbations show that M1 is still highly sensitive to proprioceptive and visual feedback 

inconsistent with this ballistic interpretation.  The insensitivity to cursor visibility likely 
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reflects that the motor system also uses internal and proprioceptive feedback to 

compensate for the missing visual information consistent with multi-sensory state 

estimation (Crevecoeur et al., 2016). This compensation strategy is likely necessary as 

shifts in the gaze position and blinks can disrupt the visibility of the hand during motor 

actions.  However, we found a small increase in endpoint position when cursor feedback 

was removed suggesting only a partial compensation by these alternative feedback 

sources, as predicted by Bayesian integration (Crevecoeur et al., 2016).  

Although convergence upstream of M1 is likely, there are two compelling reasons 

why convergence may also arise from local processing in M1.  First, a difference vector 

by definition is a relative metric about how far the limb is from the goal and thus cannot 

update M1 about the current limb configuration.  Information about the limb 

configuration is necessary for control to account for state-dependent properties of the 

limb (e.g. intersegmental dynamics Hollerbach and Flash, 1982; Sober and Sabes, 2003; 

Kurtzer et al., 2008). Second, M1 receives direct and substantial inputs from S1 and the 

interpositus nuclei of the cerebellum, areas which are likely involved with state 

estimation and exhibit activity patterns independent of the goal (Vilis et al., 1976; Strick, 

1983; Omrani et al., 2016). Local convergence of sensory feedback may arise in M1 by 

initial processing in layers 2/3 as these layers rapidly respond to proprioceptive and 

visual feedback (Lemon, 1981a; Chandrasekaran et al., 2017; Heindorf et al., 2018).  

Alternatively, convergence may arise from integration by the dendrites of layer 5 M1 

neurons.  Further studies are required to understand how sensory feedback signals are 

combined in frontoparietal circuits including M1. 
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Our results also highlight substantive differences in how the motor system 

corrects for mechanical and visual perturbations at the kinematic, muscle and cortical 

levels. This can best be observed in our second experiment when comparing mechanical 

disturbances to the sliding visual disturbances.  At the kinematic level, visual 

perturbations involved only a correction to the kinematic errors whereas mechanical 

loads involved corrections to the kinematic errors and countering the applied load. 

However, the kinematic corrections were faster for the mechanical loads despite having 

to also correct for the external loads. This may reflect that, in general, mechanical loads 

can destabilize the limb and whole-body posture and thus requires faster corrections 

(Lowrey et al., 2017).   

Differences at the muscle and M1 levels provide important insight about the 

relative contribution of M1 in feedback processing.  Muscle activity was 6 times larger 

for the mechanical loads than cursor slides reflecting the fact that the former required an 

additional response to counter the mechanical loads.  In contrast, M1 activity was only 3 

times larger.  Thus, it appears that M1 only generates ~50% of the muscle activity for 

mechanical loads with the remaining 50% of the signal likely generated by subcortical 

circuits including brainstem (red nucleus and reticular formation) and spinal cord (Mewes 

and Cheney, 1991; Soteropoulos et al., 2012; Herter et al., 2015; Soteropoulos and Baker, 

2020).  Although the presence of feedback processing by subcortical structures is not 

surprising, our experiment allows us to estimate the relative contribution of the 

subcortical pathways by comparing responses for mechanical and visual perturbations.  

Further, it is likely that we underestimated the subcortical contribution to mechanical 

loads as the comparison between mechanical and visual perturbations assumed M1 was 
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the only circuit involved with generating visual responses. It is likely that visual 

responses also involve subcortical circuits that involve the superior colliculus 

(Alstermark et al., 1987; Day and Brown, 2001; Pruszynski et al., 2010; Cross et al., 

2019; Kozak et al., 2019). 

The fact that corrective actions reflect processing of separate feedback pathways 

is inconsistent with theoretical frameworks that focus exclusively on cortical-based 

control and highlights a need to approach motor control as a hierarchy across multiple 

motor centers with motor cortex being the highest level for online control (Schweighofer 

et al., 1998; Todorov et al., 2005; Liu and Todorov, 2009; Merel et al., 2019).  However, 

current theories have largely focused on the transformation of information (e.g. cartesian 

space to joint torques) and how higher-level areas control lower-level areas to generate 

movement (e.g. cortex controls spinal cord).  Instead, there is a clear need to understand 

the relative roles for each motor center and how they interact during feedback control.  

For example, one hypothesis is that motor cortex contributes the extra motor commands 

needed for a given action that is not already provided by subcortical pathways such as 

flexible motor corrections to sensory feedback. Unravelling the relative contributions of 

all these sources of feedback during voluntary control remains an important and 

challenging area of study. 
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4.5 Methods 

The study involved two monkeys (Macaque mulatta, males, 17-20kgs) and was approved 

by the Queen’s University Research Ethics Board and Animal Care Committee.  

Monkeys were trained to place their upper limb in an exoskeleton robot (Kinarm, 

Kingston Ontario). 

Lateral reaching task. Monkeys were trained to make goal-directed reaches while 

countering unexpected perturbations to the limb or goal.  At the beginning of a trial, the 

monkey placed and held their hand inside a start target (red square, length and width 

1.2cm,) for 750-1500ms.  Then, a goal target (white square, length and width 1.6cm; joint 

configuration in middle of reach: shoulder 30˚, elbow 87˚) appeared lateral to the starting 

position that indicated the spatial location of the goal and provided the cue to initiate the 

reach. The reach primarily involved a shoulder and elbow extension motion and for 

Monkeys M and A, the goal targets were placed 10cm and 8cm from the start target, 

respectively.  Monkeys had 1400ms to reach the goal and maintain their hand inside the 

goal for 500ms to receive water reward.  We included trials where visual feedback of the 

hand (white circular cursor, diameter 1.6cm) was provided for the entire trial duration and 

trials where visual feedback of the hand was removed 2cm into the reach and re-appeared 

200ms later.  On random trials, we applied one of three perturbation types, goal jumps, 

cursor jumps, or mechanical loads.  Mechanical loads consisted of torques applied to the 

shoulder and elbow joints in two opposite directions, one that flexed the shoulder and 

extended the elbow and the other that extended the shoulder and flexed the elbow.  

Shoulder and elbow torques were equivalent in magnitude and were 0.28Nm and 0.24Nm 

for Monkeys M and A, respectively.  Visual feedback of the hand was also removed for 
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200ms after the mechanical load was applied.  Cursor jumps consisted of displacements 

to the cursor’s position perpendicular to the axis connecting the start and goal targets 

(reach axis, Figure 4.1A).  Two cursor-jump directions were included that displaced the 

cursor away from or towards the body and the size of the displacement was 4cm and 3cm 

for Monkeys M and A, respectively.  Goal jumps were identical to cursor jumps except 

that the goal’s position was displaced.  All perturbations were applied 2cm into the reach.  

In a block of trials, monkeys performed 8 unperturbed reaches with visual feedback of 

the hand, 4 reaches with visual feedback of the hand temporally removed for 200ms and 

6 perturbation trials (2 directions x 3 perturbation types).  Monkeys completed 10-25 

blocks in a recording session. 

Anterior reaching task. For a subset of sessions, monkeys also completed reaches 

to a goal located directly in front of the shoulder (anterior reach).  These reaches followed 

the same timing parameters as the lateral reaches denoted above.  Goal and cursor jumps 

were still in the direction that was lateral to the reach axis, which now resulted in jumps 

that were lateral or medial to the body.  Mechanical loads were the same magnitude, 

however now they either flexed the shoulder and elbow joints or extended the shoulder 

and elbow joints.  In a recording session, monkeys completed 10-15 blocks of the lateral 

reaches followed by 10-15 blocks of the anterior reaches or completed the anterior 

reaches first followed by the lateral reaches.  The ordering of the blocks were 

counterbalanced across sessions.  

Cursor slide task. In a separate set of experiments, we probed the sensitivity of 

M1 activity to proprioceptive and visual stimuli when the temporal and spatial 

characteristics were matched.  Monkeys completed the same lateral reaching task with 
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the same mechanical load and cursor jump perturbations.  However, we also included a 

cursor slide perturbation where the visual location of the cursor would traverse a 

trajectory similar to the trajectory the limb would take following a mechanical load.  We 

estimated the trajectory by fitting the limb position on mechanical load trials to a sigmoid 

function (a/(exp(-(t+b)/c), where t is time and a, b, c are fit parameters) from 50ms before 

the load till 200ms after the load onset.  The sigmoid fit parameters were estimated using 

trials from a previous day’s recording session. 

Estimating visual onsets. There is an approximate 20-40ms latency in the visual 

display between when a command is sent to jump the cursor or goal and when it appears 

on the screen.  On a trial-by-trial basis, we estimated the visual latency by fixing two 

photodiodes to the screen.  When the goal or cursor jumped, two white squares would 

also appear that were positioned on the screen coincident with the photodiode 

placements.  Jump onsets were estimated as the average onset of the two photodiodes, or 

the onset detected by a single photodiode when the other photodiode signal was poor.  On 

trials where a cursor and goal jump did not occur, the white squares still appeared at the 

same point in the reach so that we could align the unperturbed trials.   

Neural recordings. In each monkey, floating micro-electrode arrays (96-channel, 

Utah arrays) were surgically implanted into the arm region of primary motor cortex.  

Surgery was performed under aseptic conditions and the arm region was identified by 

visual landmarks.  During surgery we used a dura substitute (GORE PRECLUDE Dura 

Substitute, W.L. Gore and Associates Inc) that was placed over the array and the dura was 

re-attached (GOR-TEX Suture, W.L. Gore and Associates Inc).  Spike waveforms were 

sampled at 30 kHz by either a 128-channel neural signal processor (Blackrock 
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Microsystems, Salt Lake City, Utah) or a Grapevine processor (Ripple Neuro, Salt Lake 

City, Utah).   

Muscle recordings.  In Monkey M, we surgically implanted a 32-channel chronic 

EMG system (Link-32, Ripple Neuro, Salt Lake City, Utah).  This system had 8 leads 

(impedance 20 kOhms) that could be inserted into the muscle with each lead having 4 

separate contacts for recording muscle activity. Each lead was connected to an internal 

processor that was surgically implanted under the skin and located near the midline of the 

back at the mid-thoracic level. We implanted brachioradialis, brachialis, the lateral and 

long heads of the triceps, biceps (long head), pectoralis major, and anterior and posterior 

deltoids. During a recording session, an external transmitter was attached on the skin over 

the internal processor and maintained in position by a magnet in the processor.  The 

internal processor received power from the transmitter and transmitted the EMG signals 

transcutaneously.  The signal was transmitted to the Grapevine processor, bandpass 

filtered (15-375Hz) and recorded at 2 kHz. 

 

Data Analysis 

Kinematic analysis. Kinematic signals were low-pass filtered with a 6th order, 

zero-phase lag Butterworth filter (cut-off frequency 10Hz).  The endpoint of the reach 

was defined as the first time point after the peak hand speed that was less than 10% of the 

peak hand speed.  Movement time was defined as the time duration between when the 

monkey left the start target and first entered the goal target. We quantified the goodness 

of fit (R2) of the cursor slide trajectories (Pcurs) to the mechanical limb (Pmech) by taking 

the limb position from 0-200ms after the perturbation onset and subtracting off the mean 
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limb positions for each. We then calculated the R2 = 1-||Pcurs-Pmech||
2/||Pmech||

2 where ‘|| ||’ is 

the Frobenius norm.   

EMG recordings. Muscle activity was down sampled to 1kHz.  For a given lead, 

we computed the differential signals between the two most proximal contacts and the two 

most distal contacts resulting in two differential signals from each recorded muscle. The 

differential signals were rectified and smoothed with a Butterworth low-pass filter with 

zero-phase lag at a cut-off frequency of 50Hz.  Muscle activity was aligned to 

perturbation onset or the equivalent onset on unperturbed trials and trial averaged. For 

muscle activity related to mechanical perturbations, we subtracted the activity on 

unperturbed reaches without visual feedback from the activity on mechanical perturbation 

reaches.  For activity related to the visual perturbations, we employed the same method 

except using activity on unperturbed reaches with visual feedback.  The muscle’s 

preferred perturbation direction was determined for each perturbation type by calculating 

the activity with the largest perturbation response within the first 300ms of the 

perturbation onset.  Activity was normalized by the mean activity in the first 300ms after 

the perturbation onset for each muscle signal. 

 Pre-processing neural recordings. Spike timestamps were convolved with a 

kernel approximating a post-synaptic potential (1ms rise time, 20ms fall time; Thompson 

et al., 1996) to estimate the instantaneous activities.  Activities were aligned to 

perturbation onset following the same procedure as for muscle activities 

 ANOVA analysis.  For each neuron/muscle we applied a 3-way ANOVA with time 

epoch (levels: baseline epoch -100-0ms, perturbation epoch 0-300ms), perturbation 

direction (two levels) and perturbation type (levels: mechanical loads, goal jumps and 
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cursor jumps) as factors.  Neurons/muscles were classified as “perturbation responsive” if 

there was a significant main effect for time, or any interaction effects with time (p<0.05, 

Bonferroni correction factor=4).  Neurons/muscles classified as significant were then 

subjected to separate two-way ANOVAs for each perturbation type with time and 

direction as factors.  Neurons/muscles were classified as responsive for a given 

perturbation type if a significant main effect or interaction effect was found (p<0.05, 

Bonferroni correction factor=2).  

 Response range. The response range for a neuron was calculated for each 

perturbation type separately by taking the activity related to the correction towards the 

body and subtracting the activity related to the correction away from the body.  The 

resulting activity was then averaged over the perturbation epoch.   

 Total least-square (TLS) regression.  TLS regression was used to find a linear 

relationship between the response ranges from two perturbation types (Figure 4.5). 

Ordinary least square (OLS) regression has been used in previous studies (Crammond 

and Kalaska, 2000), however, this method assumes one set of response ranges is the 

independent variable (i.e. no sampling noise; denote as x) and thus only tries to find a line 

that minimize the error between the dependent variable (y) and the line (minimize 

∑(𝑦𝑖 − 𝑦𝑖
𝑙𝑖𝑛𝑒)

2
).  In contrast, TLS regression does not assume any variables are 

independent and finds a line of best fit that minimizes the total error between each data 

point and the line (minimize ∑(𝑦𝑖 − 𝑦𝑖
𝑙𝑖𝑛𝑒)

2
+ (𝑥 − 𝑥𝑖

𝑙𝑖𝑛𝑒)
2
). TLS was performed by first 

subtracting the means for each response range (�̅�, �̅�) followed by singular value 

decomposition to find the slope (m).  The left singular vector with the largest singular 

value was retained and the slope of the line of best fit was given as the ratio between the 
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coefficient for the data on the y-axis over the coefficient for the data on the x-axis.  The 

equation of the line of best fit is then 𝑦𝑙𝑖𝑛𝑒 = 𝑚 ∙ 𝑥𝑙𝑖𝑛𝑒 + 𝑏 where 𝑏 = 𝑚 ∙ �̅� + �̅�.  The 

significance of the slope was determined by shuffling the perturbations labels and re-

calculating the slope. This was repeated 1000 times and a probability value was 

calculated as the number of shuffled samples with slope smaller than the actual slope. 

 Onsets.  The onset of perturbation-related activity was estimated by calculating 

the mean and standard deviation of the perturbation-related activity during the baseline 

period (100ms before perturbation onset).  The onset was then defined as the first time-

point to exceed the baseline mean by three standard deviations (positive or negative) for 

20 consecutive time points.  This method was used to calculate the onset for individual 

neurons, the neural population activity and the muscle population activity. For individual 

neurons, the onset was only calculated once per neuron in the perturbation direction that 

elicited the largest absolute response from the unperturbed trials during the perturbation 

epoch. 

 Average population activity. An average population response was calculated to 

estimate the total change in the network in response to the perturbations.  We determined 

each neuron’s preferred corrective movement by averaging its activity over the 

perturbation epoch.  The corrective movement with the absolute largest change in activity 

from the unperturbed activity was then defined as the preferred corrective movement. If 

the change in activity was negative for a neuron in its preferred corrective movement, we 

multiplied its time series by negative one.  This reduced the cancelling out of activity 

when averaging across the population of neurons.  
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 Principle components analysis.  Principal components analysis (PCA) was used to 

identify the low-dimensional subspace for the perturbation-related activity. For each 

perturbation type, we averaged each neuron’s perturbation-related activity in non-

overlapping 10ms windows to yield 30 time points for each perturbation direction.  The 

activity of each neuron was soft normalized by its range (+5 sp/s) by finding its 

maximum and minimum activities during the perturbation epoch over all perturbation 

types (mechanical loads, goal jumps, cursor jumps).  Note, the same normalization 

constant was applied to each perturbation type.  We then constructed separate matrices for 

each perturbation type that were of size NxDT, where N is the number of neurons, D is 

the number of perturbation directions (2) and T is the number of time points (30).  The 

mean activities in each row was then subtracted.  Singular value decomposition was used 

to identify the principle components of the matrix, and the top-10 principle components 

were kept.   

 We used a cross-validated approach to draw a more accurate comparison between 

the amount of variance captured between perturbation types.  For a given perturbation 

type, we randomly assigned trials into equally sized groups and the same processing steps 

were applied as above.  One group was used to calculate the principle components 

(Trained) while the left-out group was used to calculate the amount of variance captured 

by those principle components.  These principle components were also used to calculate 

the amount of variance accounted for by the other two perturbation types after randomly 

down-sampling trials to match the left-out group.  This procedure was repeated 1000 

times for each perturbation type. 
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 Overlap index.  We quantified the overlap between the subspaces by calculating 

the overlap index from Rouse and Schieber, (2018) 

overlap =
𝑡𝑟(𝛴1𝛴2)

‖𝛴1‖𝐹‖𝛴2‖𝐹

 

Where 𝛴1and 𝛴2 are the covariance matrices for perturbation types 1 and 2, 𝑡𝑟 is the trace 

operator, and ‖∙‖𝐹 is the Frobenius norm operator.  Activity was pre-processed the same 

way as for the PCA analysis. The overlap index was computed between each pair of 

perturbation types.  

The overlap index can range from 0, indicating no overlap between subspaces, 

and 1 indicating perfect overlap between subspaces.  Confidence intervals were generated 

by randomly selecting half of the trials for each perturbation condition and calculating the 

subsequent overlap.  This was repeated 1000 times for each comparison between 

perturbation types.  

 We generated two null distributions for comparison.  One distribution estimated 

the overlap between two independent samples from the same perturbation type (within-

perturbation distribution).  For a perturbation type, we split trials into two, equally sized 

groups and then calculated the overlap between these two groups following the same 

procedure as above.  This was repeated 1000 times for each perturbation type and overlap 

values were pooled.  The second distribution compared how overlapping two samples 

were when the neuron labels were shuffled.  For a perturbation type, we again split trials 

into two, equally sized groups. The neuron labels were then randomly shuffled in one 

group and the overlap was then calculated between the two groups. This was repeated 

1000 times for each perturbation type and overlap values were pooled.   
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4.7 Supplementary Figures 

 

Figure Supplementary 4.1 Movement times and endpoint positions across monkeys.  

A) Movement times for Monkey M for cursor-on and cursor-off unperturbed reaches.  

Movement time was defined as the time between when the hand left the start target and 

when the hand first contacted the goal target. Trials have been pooled across all recording 

sessions. Arrows denote the median of the distributions. Distributions for cursor-on and 

cursor-off trials were not significantly different (two-sample t-test: t(471)=1.6, p=0.12). 

B) Same as A) for perturbation trials. C) Same as A) except for the endpoint position. 

Distributions for cursor-on and cursor-off trials were significantly different (t(471)=3.6, 

p<0.001). D) Same as C) for perturbation trials. E-H) Same as A-D) for Monkey A. E) 

Distributions for cursor-on and cursor-off trials were not significantly different 

(t(279)=1.9, p=0.06). G) Distributions for cursor-on and cursor-off trials were 

significantly different (t(279)=4.0, p<0.001). Note, Monkey M had longer movement 

times than Monkey A due in part to Monkey M completing a 10cm reach and Monkey A 

completing an 8cm reach. 
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Figure Supplementary 4.2 M1 activity is largely unaffected by removing cursor 

feedback.  

A) For Monkey M, comparison of the mean activities during unperturbed reaches for 

cursor-on (abscissa) and cursor-off (ordinate) trials.  Activity was averaged from 100-

250ms after the cursor feedback was removed. Each circle denotes one neuron. Dashed 

line reflects the line of best fit identified using total least squares regression (slope 

indicated in top left corner).  B) Same as A) except for the standard deviation across 

trials. C-D) Same as A-B) except for Monkey A. E-F) Same as A-B) except for EMG 

from Monkey M. 
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Figure Supplementary 4.3 Perturbation-related activity is comparable to activity 

during baseline reaching.   

A) Activities of the same four example neurons in Figure 4.2 during unperturbed reaches 

aligned to movement onset (5% max hand speed).  Shaded area denotes the movement 

epoch (-50-250ms). B) Scatter comparing the absolute magnitude of movement-related 

activity with the magnitude of the perturbation-related activity. C) Cumulative sums of 

the difference in the magnitudes of the movement-related and perturbation-related 

activities across cells. 
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Figure Supplementary 4.4 Overlap time course. 

A) Time series of the overlap index between goal and cursor jumps (black solid line) for 

Monkey M.  Activity was binned every 20ms (mean and standard deviation).  The time 

series was also repeated for the shuffle distribution (black dashed line) and the within-

perturbation distributions for the goal-related (green line) and cursor-related (blue line) 

activities. B) Same as A) except comparing mechanical loads with goal jumps. C) Same 

as A) except comparing mechanical loads with cursor jumps. D-F) Same as A-C) except 

for Monkey A. G-I) Same as A-C) for EMG signals. Note, the substantial overlap before 

perturbation onset is in part due to the small subspace spanned by EMG signals. 
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Figure Supplementary 4.5 Overlap across perturbation types with increased 

perturbation directions.  

 A) Monkey M’s lateral reaches following goal jumps (left), cursor jumps (middle) and 

mechanical loads (right). Same as Figure 4.1B-D. B) Same as A) except now for 

Monkey’s M anterior reaches. C) Response ranges comparing perturbation types for the 

anterior reaches.  Data presented the same as in Figure 4.5.  ‘n’ denotes the number of 

recorded neurons. D) Overlap index presented the same as Figure 4.6. E-F) Same as C-D) 

for Monkey A. 
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Chapter 5 

Rotational dynamics in motor cortex are consistent with a feedback 

controller 
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5.1 Abstract 

Recent studies hypothesize that motor cortical (MC) dynamics are generated 

largely through its recurrent connections based on observations that MC activity exhibits 

rotational structure.  However, behavioural and neurophysiological studies suggest that 

MC behaves like a feedback controller where continuous sensory feedback and 

interactions with other brain areas contribute substantially to MC processing. We 

investigated these apparently conflicting theories by building recurrent neural networks 

that controlled a model arm and received sensory feedback about the limb.  Networks 

were trained to counteract perturbations to the limb and to reach towards spatial targets.  

Network activities and sensory feedback signals to the network exhibited rotational 

structure even when the recurrent connections were removed.  Furthermore, neural 

recordings in monkeys performing similar tasks also exhibited rotational structure not 

only in MC but also in somatosensory cortex.  Our results argue that rotational structure 

may reflect dynamics throughout voluntary motor circuits involved in online control of 

motor actions. 
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5.2 Introduction 

Motor cortex (MC) plays an important role in our ability to make goal-directed 

motor actions such as to reach and grasp objects of interest in the environment. A key 

approach to explore MC’s contribution to movement has been to record the patterns of 

neural activity during tasks such as reaching. In the last part of the 20th century, research 

emphasized the representation of movement parameters by cortical networks (Fetz, 1992; 

Scott, 2008; Vyas et al., 2020).  This approach assumed that activity of individual 

neurons or at the population level could be directly related to explicit features of motor 

action such as movement speed or muscle activity patterns. 

 However, there has been a recent transition towards interpreting neural 

processing using dynamical systems techniques (Machens et al., 2010; Michaels et al., 

2016; Pandarinath et al., 2018b, 2018a; Remington et al., 2018; Russo et al., 2018; 

Sauerbrei et al., 2020; Shenoy et al., 2013; Suresh et al., 2019).  Churchland et al., (2012) 

recorded from MC while monkeys performed goal-directed reaches and fit the population 

activity to an autonomous dynamical system where future activity was predicted based 

solely on the past population activity in MC.  They found this relationship could account 

for a significant amount of the neural activity and revealed rotational dynamics that could 

provide a basis set for generating muscle activity patterns.  However, these rotational 

dynamics are absent in supplementary motor cortex suggesting that they are not trivial 

properties of cortical processing (Lara et al., 2018).  

This view of MC as a pattern generator during reaching was further bolstered by 

recurrent neural network models (RNN) (Hennequin et al., 2014; Michaels et al., 2016; 

Sussillo et al., 2015).  RNNs trained to generate patterns of muscle activity while 
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constrained to generate simple dynamics also displayed rotational dynamics that 

resembled MC activity (Sussillo et al., 2015).  Importantly, these networks only received 

external inputs that were stationary with the exception of a non-selective GO cue to 

initiate the pattern generation.  Thus, activity was generated solely by the connections 

between neurons and online feedback about the generated muscle patterns was not 

necessary after training.  Collectively, these results have led to the interpretation that the 

function of MC is to generate patterns of muscle activity and that this real-time process is 

done largely autonomously from other brain structures.  

Another class of dynamical systems is also commonly used in motor control to 

interpret the behavioural aspects of motor actions. Specifically, a growing body of 

literature has highlighted how optimal feedback control (OFC) can capture how we move 

and interact in the world (Franklin and Wolpert, 2011; Scott, 2004, 2016; Shadmehr and 

Krakauer, 2008; Todorov and Jordan, 2002). OFC highlights the importance of feedback 

processes, both external sensory feedback (e.g. proprioception and vision) as well as 

internal feedback from efference copies, for generating motor commands for movement.  

A large number of studies inspired by OFC highlight how humans are capable of 

generating fast, goal-directed motor corrections (Cluff and Scott, 2015; Cross et al., 2019; 

Dimitriou et al., 2012; Kurtzer et al., 2008; Nashed et al., 2014; Scott, 2016) even for 

very small disturbances (Crevecoeur et al., 2012) and OFC can capture features of 

unperturbed movements (Knill et al., 2011; Lillicrap and Scott, 2013; Liu and Todorov, 

2007; Nashed et al., 2012; Todorov and Jordan, 2002; Trommershäuser et al., 2005). 

Further studies highlight how feedback responses to a mechanical disturbance are 

distributed throughout somatosensory, parietal, frontal and cerebellar motor circuits in 
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~20ms and display goal-directed responses in as little as 60ms (Chapman et al., 1984; 

Conrad et al., 1975; Evarts and Tanji, 1976; Herter et al., 2009; Lemon, 1979; Omrani et 

al., 2016; Phillips et al., 1971; Pruszynski et al., 2011, 2014; Strick, 1983; Wolpaw, 

1980). This interpretation of motor control emphasizes that the objective of the motor 

system is to attain the behavioural goal and this requires feedback processed by a 

distributed network. Further, MC is generally viewed as part of the control policy that 

uses information on the system state to generate muscle activity patterns to attain the 

behavioural goal.  

These two views of MC, one as an autonomous dynamical system and the other as 

a flexible feedback controller, appear to conflict on how to interpret the role of MC and 

its interactions with the rest of the motor circuits involved in goal-directed motor actions.  

This apparent conflict seems to hinge on the observation that the rotational dynamics 

observed in MC can be generated through purely local recurrent connections.  However, 

it is unclear if a feedback control network would also exhibit similar rotational dynamics 

and whether these dynamics are exclusively in MC or also in other brain regions such as 

somatosensory cortex.  We investigated this question by first developing a multi-layer 

RNN that controlled and received sensory feedback from a two-segment limb. The 

network was trained to counter disturbances to the limb and perform reaching 

movements.  After training, rotational dynamics were observed in the network activities 

as well as in sensory feedback from the limb, but not in muscle activity. Critically, 

rotational dynamics could also be generated with or without recurrent connections in the 

trained networks. Monkeys trained in a similar task exhibited rotational dynamics in MC 

and also in somatosensory and posterior parietal cortices including during reaching where 
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sensory feedback is not required a priori. Taken together, these results illustrate rotational 

dynamics can be observed across frontoparietal networks and can be generated by 

intrinsic dynamics in MC and/or through dynamics of the entire motor system.  

5.3 Results 

RNN exhibit rotational dynamics in the activities and sensory feedback signals 

during posture task 

Rotational dynamics in MC have been interpreted as a signature of an 

autonomous dynamical system (Churchland et al., 2012; Pandarinath et al., 2018a; 

Shenoy et al., 2013).  In contrast, rotational dynamics appear to be absent in systems that 

are dominated by external inputs, such as muscle activity driven by neural inputs 

(Churchland et al., 2012), or MC activity during grasping driven by sensory inputs 

(Suresh et al., 2019). Here, we examined the dynamics of a network performing a posture 

perturbation task, where the network had to respond to sensory feedback about the 

periphery to generate an appropriate motor correction (Cross et al., 2020; Heming et al., 

2019; Omrani et al., 2014, 2016; Pruszynski et al., 2014).  Sensory input plays an 

important role for correctly performing the task and thus the hypothesis is that rotational 

dynamics should be absent in the network.  

We built an artificial neural network that controlled a two-link model of the upper 

limb (Figure 5.1).  Previous neural network models (Hennequin et al., 2014; Michaels et 

al., 2016; Sussillo et al., 2015) focused on network activities (r) that evolved according to 

�̇�(𝑡) = 𝑓(𝑟(𝑡), 𝑠∗) where 𝑓[∙]is a nonlinear function and 𝑠∗is vector of static inputs about 

the GO cue and the current target.  Here, we generated a model where network activities 

also incorporated delayed (Δ) continuous sensory feedback about the limb (s(t-Δ)) and  
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Figure 5.1 Simulation setup.  

Schematic of the two-link model of the arm and the neural network.  The arm had two 

joints mimicking the shoulder and elbow (Arm Dynamics: joints are white circles) and 

was actuated using 6 muscles (pink banded structures).  Muscle activity was generated by 

the neural network (Muscle Command).  The network was composed of two layers (Input 

and Output layers) with recurrent connections between units within each layer.  The 

network received delayed (ΔT) sensory feedback from the limb in the form of joint 

angles and velocities (Joint Feedback, blue line), and muscle activities (Muscle Feedback, 

red line).  Delays were set to 50ms to match physiological delays.  The network also 

received input about the desired location of the limb (Task Goal). 
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thus activities evolved according to �̇�(𝑡) = 𝑓(𝑟(𝑡), 𝑠∗, 𝑠(𝑡 − Δ)). The neural network 

contained an input layer that had recurrent connections between neurons and received 

delayed (50ms) sensory feedback about the limb state (i.e. joint position, velocity, muscle 

activities).  This layer projected to an output layer that also had recurrent connections 

between neurons.  The output layer directly controlled the activities of six muscles (two 

sets of monoarticular muscles at the shoulder and elbow joints and two biarticular 

muscles) that generated limb movements.  The network was trained to perform a posture 

perturbation task where the goal was to keep the limb within a specified target location, 

while countering randomly applied loads to the limb.  We optimized the network by 

minimizing a cost function that penalizes the kinematic error between the target location 

and current limb position over the duration of the task. 

After optimization we applied loads that displaced the limb by ~3cm.  The 

network generated corrections to the displacements with the hand reversing direction 

within 300-400ms from the time of the applied load (Figure 5.2A-C).  The network also 

maintained steady-state motor output for the remainder of the trial to counter the applied 

loads. Figure 5.2D shows the activity of the shoulder extensor muscle aligned to the load 

onset.  An increase in muscle activity started 50ms after the applied load, consistent with 

the delay in sensory feedback from the limb. Muscle activity peaked at ~200ms after the 

applied load and stabilized to a steady state within ~750ms.  Figures 5.2E and F show the 

activity of two example neurons from the output layer of the network.   

We examined the population dynamics of the output layer of the network by 

applying jPCA analysis (Churchland et al., 2012). Briefly, jPCA constructs a multi-

dimensional matrix (𝑋(𝑡),  dimensions n x ct) which is composed of each unit’s (n)  
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Figure 5.2  Posture perturbation task performed by neural network.  

A) Hand paths when mechanical loads were applied to the model’s arm. Due to the 

anisotropy in the biomechanics the trajectories across the different loads are asymmetric. 

Black dots denote the hand’s location 300ms after the load onset.  B-C) Shoulder angle 

and angular velocity aligned to the load onset. D) Activity of the shoulder extensor 

aligned to load onset. E-F) The activities of two example units from the output layer of 

the network. The colors in A-F correspond to different directions of load. 
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activity patterns across time (t) and condition (c) (e.g. load combination or reach target).  

The matrix is reduced (𝑋𝑅𝑒𝑑)to a 6 x ct dimensional matrix using principal component 

analysis (PCA) to examine the dynamics exhibited by the dominant signals.  This matrix 

is then fit to a constrained dynamical system �̇�𝑅𝑒𝑑(𝑡) = 𝑀𝑆𝑘𝑒𝑤𝑋𝑅𝑒𝑑(𝑡) where �̇�𝑅𝑒𝑑(𝑡) is 

the temporal derivative of 𝑋𝑅𝑒𝑑(𝑡), and 𝑀𝑆𝑘𝑒𝑤  is the weight matrix constrained to be 

skew symmetric.  The skew-symmetric constraint ensures that only rotational dynamics 

are fit to the population activity and 𝑀𝑆𝑘𝑒𝑤 can then be decomposed into a set of three 

jPC planes.   

We found the top-2 jPC planes exhibited clear rotational dynamics with rotation 

frequencies of 2.0Hz and 0.7Hz (Figure 5.3A, left and middle panels).  Combined, these 

two planes captured 60% of the variance of the output-layer activities. In contrast, the 

third jPC plane exhibited a more expansion-like property (Figure 5.3A, right) and 

captured 38% of the variance.  Examining the goodness of fit (R2) to the constrained 

dynamical system provides a measure of how well the activities in the network activities 

are approximated by rotational dynamics.  We compared our results to a null distribution 

that tested whether the rotational structure was an emergent property of the population 

activity or simply reflected known properties of single-neuron responses (i.e. broad 

tuning for loads, smooth time-varying activity patterns, shared patterns of activity across 

neurons).  We used tensor maximum entropy (TME, Elsayed and Cunningham, 2017) to 

generate surrogate datasets that were constrained to have the same covariances as the 

observed data and applied the same jPCA analysis to the datasets. We found the 

constrained dynamical system had an R2 of 0.55 and was significantly greater than 

expected from the null distributions (Figure 5.3B left; TME: median R2=0.27, p=0.001).   
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Figure 5.3 Population dynamics of the network during posture.  

A) The top-3 jPC planes from the activity in the output layer of the network.  Dynamics 

were computed from 70ms to 370ms after the load onset.  Different colours denote 

different load directions. VAF =variance accounted for. B) The goodness of fit (black 

horizontal line) of the network activity to the constrained (MSkew left) and unconstrained 

(MBest right) dynamical systems.  Null distributions were computed using tensor 

maximum entropy (TME).  Grey bars denote the median, the boxes denote the 

interquartile ranges and the whiskers denote the 10th and 90th percentiles.  C-D) Same as 

A-B) except for the input layer of the network. E-F) and G-H) Same as A-B) except for 

the muscle activities and kinematic inputs into the network, respectively. Null 

distributions were computed from the down-sampled neural activity for F and H.   
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Further, when we did not constrain the weight matrix to be skew-symmetric (i.e. 

unconstrained dynamical system, MBest), we found an increase in the R2 to 0.83 that was 

also significant (Figure 5.3B right; median R2=0.49, p<0.001).  The ratio between the R2 

for the constrained and unconstrained fits was 0.66 indicating that the majority of the 

output layer’s dynamics displayed rotational dynamics. 

Next, we examined if rotational dynamics were present in the input layer of the 

network which directly receives sensory feedback. Similar to the output layer, we 

observed rotational dynamics in the top-2 jPC planes with frequencies of 1.8Hz and 

0.95Hz (Figure 5.3C). Combined, these two planes captured 74% of the variance of the 

input-layer activity. The fit to a constrained dynamical system had an R2 = 0.51 (Figure 

5.3D left) and was also significantly greater than the null distributions (median R2=0.29, 

p<0.01). When fit with an unconstrained dynamical system, we also found an increase in 

the R2 to 0.88 that was significant (Figure 5.3D right; median R2=0.48, p < 0.001).  Thus, 

rotational dynamics are present in the input layer that directly received sensory feedback 

as well the output layer that formed the muscle signals.  

Next, we explored if rotational dynamics were present in the motor outputs (i.e. 

muscle activities) and sensory inputs (i.e. muscle activities and joint kinematics) of the 

network.  We applied jPCA analysis to the muscle activities and did not observe clear 

rotations in any of the jPC planes (Figure 5.3E). We found the muscle activities were 

poorly fit to the constrained (Figure 5.3F; R2 = 0.01) and unconstrained dynamical 

systems (R2 = 0.11).  One explanation for this lower fit quality is that muscle activity has 

substantially fewer signals (6) than the network activities (500).  We tested this by down-

sampling neural units to match the number of muscles.  Note, we did not compute a null 
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distribution using TME as we found hypothesis testing using TME was unreliable when 

the number of signals were small (<30).  We found the goodness of fits for muscle 

activities were significantly smaller than the down-sampled neural activities (Figure 5.3F, 

constrained p<0.001; unconstrained p=0.002) indicating that the down-sampled neural 

activity exhibited greater dynamical properties than muscle activity.  

Next, we applied jPCA analysis to the kinematic signals (angle and angular 

velocity of the joints).  We observed clear rotational dynamics in the top jPC plane 

(Figure 5.3G) with a rotational frequency of 1.3Hz.  We found the constrained and 

unconstrained dynamical systems had an R2 = 0.56 and 0.59, respectively, which were 

significantly larger than the null distributions (Figure 5.3H; down sampled neural 

population: constrained and unconstrained p<0.001).   

These results indicate kinematic signals exhibit substantial rotational dynamics; 

however, their rotational frequencies are lower than observed in the output layer 

activities. Here we asked whether these higher frequencies could be explained by 

combining all available sensory feedback (i.e. muscle and kinematics). We fit a linear 

model that decoded the output layer’s activity in each jPC plane using the sensory 

feedback signals composed of kinematic and muscle signals. We found the predicted 

activities were highly similar to the output layer activities (R2=0.99) with virtually 

identical frequencies of rotation(Figure S5.1A). This indicates sensory feedback provided 

rich signals that could exhibit rotational dynamics identical to the network’s dynamics.  

 

Motor and somatosensory cortex exhibit rotational dynamics while monkeys 

performed posture perturbation task 
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 Next, we examined if rotational dynamics exist in MC activity. We trained five 

monkeys to perform a similar posture perturbation task. The limb kinematics were 

qualitatively similar to the network with limb displacements of ~3cm and hand reversal 

starting in 300-400ms (Figure 5.4A-C). Muscle activity tended to be multi-phasic within 

the first 500ms after the applied load and reached a steady state within 800ms (Figure 

5.4D). We also examined data from two previously collected monkeys performing a 

similar task using an endpoint manipulandum (data from Chowdhury et al., 2020). These 

monkeys also exhibited fast corrective movements to the load applied to the 

manipulandum (Figure S5.2A-C). 

 Neural activities were recorded using single electrodes (Monkeys P, A, X) and 

chronic multi-electrode arrays (Monkeys Pu, M, H and C). We observed motor cortex 

(MC) responses tended to peak in <200ms after the applied load and also exhibited 

steady-state activity (Figure 5.4E-F).   

 We pooled MC neurons across monkeys and then applied jPCA analysis. We 

found clear rotational dynamics in the top-2 jPC planes with frequencies of 1.3Hz and 

1.1Hz for the first and second planes, respectively (Figure 5.5A). These planes also 

captured 63% of the variance from the neural population. In the third plane, we observed 

expansion-like dynamics similar to the third plane of the neural network (data not shown, 

12% of variance). When we examined the fit qualities, we found the constrained and 

unconstrained dynamical systems had significant fits with an R2 of 0.41 (p<0.001) and 

0.50 (p<0.001), respectively (Figure 5.5B blue lines, “Group Pop.”). Similar results were 

found when we applied jPCA for each monkey. For Monkeys P, A, X and Pu we found  
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Figure 5.4  Posture perturbation task performed by monkeys.  

A) Hand paths for Monkey P when mechanical loads were applied to its arm.  B-C) 

Shoulder angle and angular velocity aligned to the onset of the mechanical loads.  D) 

Recording from the lateral head of the triceps (elbow extensor) during the posture 

perturbation task.  E-F) Example neurons from motor cortex aligned to perturbation 

onset. 
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Figure 5.5  Population dynamics across motor and somatosensory cortex.  

A) The top-2 jPC planes from activity recorded in motor cortex pooled across all 

monkeys. B) Goodness of fits to the constrained (MSkew left) and unconstrained (MBest 

right) dynamical systems for motor cortex activity for the pooled activity across monkeys 

(Group Pop.) and for each individual monkey.  Null distributions were computed using 

tensor maximum entropy (TME). C-D) Same as A-B) for somatosensory recordings. E) 

The top jPC plane from muscle activity from Monkey P.  F) Goodness of fits to the 

muscle activity for the constrained and unconstrained dynamical systems for each 

monkey. G-H) Same as E-F) for kinematic signals.  B,D, F, H) Grey bars denote the 

medians, the boxes denote the interquartile ranges and the whiskers denote the 10th and 

90th percentiles.  * p<0.05, **p<0.01, ***p<0.001. 
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population activities exhibited rotational dynamics in the top-2 jPC planes(Figure S5.3A-

D, rotation frequency range: plane 1=2.4-1.6Hz, plane 2=1.4-1.2Hz).  Significant fits 

were found for the constrained (Figure 5.5B; mean across monkeys R2= 0.45, p<0.01) 

and unconstrained dynamical systems (mean R2= 0.56, p<0.05).  However, for Monkey 

M we observed less rotational structure and more tangled trajectories in the top-2 jPC 

planes (Figure S5.3E).  Fits for the constrained and unconstrained dynamical systems 

were still significant (constrained: p=0.003, unconstrained: p=0.002) but notably lower 

than for the other monkeys (constrained R2=0.21, unconstrained R2=0.32). 

We also examined the population dynamics in cortical areas associated with 

sensory processing (areas S1, A2 and A5). When neurons were pooled across monkeys, 

we observed clear rotational dynamics in the top-2 jPC planes with rotational frequencies 

of 1.7Hz and 1.1Hz (Figure 5.5C).  Significant fits were found for the constrained (Figure 

5.5D; R2=0.49, p<0.001) and unconstrained (R2=0.56, p<0.001) dynamical systems that 

were comparable to MC.  Similar results were found when we applied jPCA for each 

monkey and cortical area separately (Figure 5.5D, S1D-E, S4). 

 Next, we examined the dynamics of the muscle activities and kinematic signals.  

We observed no rotational dynamics in the muscle activities for any of the monkeys 

(Figure 5.5E).  We found the fits for the constrained and unconstrained dynamical 

systems were poor (Monkey P/A/Pu/X: constrained: R2=0.05/0.02/0.04/0.04, 

unconstrained: R2=0.11/0.06/0.06/0.06) and were significantly worse than the down-

sampled neural activity (probability values plotted in Figure 5.5F).  In contrast, for the 

joint kinematics we observed clear rotational dynamics with a rotation frequency of 

1.3±0.1Hz (across monkeys mean and SD; Figure 5.5G, Figure S5.2F).  We found the fits 
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for the constrained and unconstrained dynamical systems were good (constrained: 

R2=0.45±0.03, unconstrained: R2=0.50±0.04) and significantly better than the down-

sampled neural activity (probability values plotted in Figure 5.5H and Figure S5.2G).  

Lastly, for each monkey, we also decoded M1’s activity in each jPC plane using the joint 

kinematics and muscle activity and found the decoded activity was similar to M1’s 

activity (Figure S5.5). 

RNN exhibit rotational dynamics in the activities and sensory feedback signals 

during delayed reach task 

Rotational dynamics were first described in MC during a delayed reaching task 

and inspired the interpretation of MC as an autonomous dynamical system (Churchland et 

al., 2012; Hennequin et al., 2014; Michaels et al., 2016; Sussillo et al., 2015). We 

explored if our network also exhibited similar rotational dynamics by training it on a 

delayed center-out reaching task. The plant dynamics and network architecture were the 

same as the posture task.  However, the network was trained to maintain the limb at the 

starting location while a target was presented (“delay period”). Following a variable time 

delay, a ‘GO’ cue was provided requiring the network to move the limb to the target 

location within ~500ms.  

After optimization, the REC network was able to generate limb reaches towards 

radially located targets at displacements of 2cm and 5cm from the initial location (Figure 

5.6A).  Reaches had bell-shaped velocity profiles, that peaked roughly during the middle 

of the movement (Figure 5.6B-C). Figure 5.6D shows the activity of the shoulder 

extensor muscle during reaches to different target locations. Figure 5.6E-F show the 

diverse temporal profiles exhibited by units in the output layer of the network. The unit in  
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Figure 5.6  Delayed reach task by the network.  

A) The hand paths by the model’s arm from the starting position (center) to the different 

goal locations (black dots). Goals were placed 2cm and 5cm from the center location. B-

C) Shoulder angle and angular velocity aligned to movement onset. D) Activity of the 

shoulder extensor aligned to Go cue onset. E-F) The activities of two example units from 

the output layer of the network. 
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Figure 5.6E has a stable response during the delay period when the target was present.  

After the ‘GO’ signal, the unit exhibits oscillatory activity with a change in the unit’s 

preferred direction. The unit in Figure 5.6F largely maintains its preferred direction 

during the delay and movement periods.  

We applied jPCA analysis to the output layer of the network and found clear 

rotational dynamics with rotational frequencies of 2.1Hz and 1.1Hz for the first and 

second planes, respectively (Figure 5.7A). These planes also captured 83% of the 

variance of the output-layer activity. When we examined the fit qualities, we found 

significant fits for the constrained and unconstrained dynamical systems with an R2 of 

0.70 (p<0.001) and 0.83 (p<0.001), respectively (Figure 5.7B). Note, the ratio between 

the R2 for the constrained and unconstrained dynamical fits was 0.84, which is 

comparable to previous studies during reaching (Churchland et al., 2012) and indicate 

that the majority of the output layer’s dynamics displayed rotational dynamics. 

 We also examined the input layer of the network and found essentially the same 

results as the output layer (Figure 5.7C, D).  Clear rotational dynamics were present 

rotating at 2.1 and 0.9 Hz in the top-2 planes, with significant fits for the constrained 

(R2=0.54, p=0.01) and unconstrained (R2=0.72, p=0.006) dynamical systems. 

Next, we examined the dynamics of the muscle and kinematic signals.  Similar to 

Churchland et al., (2012), we observed no rotational dynamics in the muscle activities 

(Figure 5.7E, F) and the fit for either dynamical system was significantly worse than the 

down-sampled network activity (constrained R2=0.02, p<0.001; unconstrained R2=0.24, 

p=0.01).  In contrast, we observed rotational dynamics in the kinematic signals with a 

rotation frequency of 0.6Hz (Figure 5.7G, H). We found the kinematic signals were better  
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Figure 5.7  Population dynamics of the network during reaching.  

A) The top-2 jPC planes from the output layer of the network during reaching.  B) 

Goodness of fits for the network activity to the constrained (MSkew left) and unconstrained 

(MBest right) dynamical systems.  Null distributions were computed using tensor 

maximum entropy (TME). C-D) Same as A-B) for the input layer of the network. E-F) 

and G-H) Same as A-B) except for the muscle activities and kinematic inputs into the 

network, respectively. Null distributions were computed from the down-sampled neural 

activity.  B, D, F, H) Grey bars denote the medians, the boxes denote the interquartile 

ranges and the whiskers denote the 10th and 90th percentiles.  * p<0.05, **p<0.01, 

***p<0.001.  
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fit by both dynamical systems and were comparable to the down-sampled neural activity 

(constrained R2=0.24 p=0.3; R2=0.62 p=0.06).  Further, when we predicted the output  

layer’s activities using the combined sensory feedback (muscle, kinematics, GO cue, 

static inputs), we again found the predicted activities were highly similar (R2=0.99) to the 

output layer activities with virtually identical frequencies of rotation (Figure 

Supplementary 5.1B). 

 

Somatosensory cortex exhibits rotational dynamics while monkeys performed 

delayed reaching task. 

 We explored if these dynamics were also present in somatosensory cortex during 

reaching, as previously observed in MC (Churchland et al., 2012). Monkeys H and C also 

completed a center-out reaching task using a manipulandum and data was recorded from 

area 2 (data from Chowdhury et al., 2020; Figure S5.6A).  Note, these monkeys made 

slightly slower reaches (~400ms Figure S5.6B, C) than the reaches performed by the 

monkeys in Churchland et al., (2012) as well as our model simulations (both ~300ms).  

 We found clear rotational dynamics in area 2 with the top jPC plane having 

rotational frequencies of 1.0Hz and 1.7Hz for Monkeys H and C, respectively (Figure 

S5.6D).  We also found significant fits for the constrained (Figure  S5.6E, mean across 

monkeys R2=0.51, p<0.001 both monkeys) and unconstrained (R2=0.66, p<0.001) 

dynamical systems.  

 Next, examining the kinematics, we observed clear rotational dynamics in the top 

jPC plane with rotational frequencies of 1.3Hz and 1.2Hz for Monkeys H and C, 

respectively (Figure S5.6F).  We also found significant fits for the constrained (Figure 
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S5.6G, R2=0.39, Monkey H p<0.001, Monkey C p=0.02) and unconstrained (R2=0.51, 

Monkey H p<0.001, Monkey C p=0.01) dynamical systems.  

 

Neural networks without recurrent connections still exhibit rotational dynamics 

while performing posture and reaching tasks 

Churchland et al., (2012) have suggested that these rotational dynamics emerge 

from the recurrent connections between neurons in MC.  However, in our model, the 

sensory feedback into the network exhibited clear rotational dynamics that could 

contribute to the network’s dynamics. Thus, we explored if networks trained to perform 

the posture perturbation task without the recurrent connections (input and output layers) 

also exhibit rotational dynamics (i.e. �̇�(𝑡) = 𝑓(𝑠∗, 𝑠(𝑡 − Δ)).  We removed the recurrent 

connections in both the input and output layers of the network and optimized the network 

to perform the same posture task (NO-REC network).  The network learned to bring the 

arm back to the central target when the external load was applied with similar kinematics 

as the REC network (data not shown). 

Examining the output-layer activity, we still observed clear rotational dynamics 

with rotational frequencies of 1.0 and 0.74 Hz for the first and second planes, 

respectively (Figure 5.8A). These planes captured 92% of the variance of the network 

activity. When we examined the fit qualities, we found significant fits for the constrained 

dynamical system with an R2 of 0.43  (Figure 5.8B left; p=0.02), whereas for the 

unconstrained dynamical system we found a fit with an  R2 of 0.54 but was not 

significant (Figure 5.8B right; p=0.3). As expected, output layer activities could be 

predicted from the sensory inputs with high accuracy (Figure S5.1C). 
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Figure 5.8  Population dynamics when trained without recurrent connections.  

Networks were trained to perform the posture and reaching tasks without the recurrent 

connections within the MC and input layers. A) The top-2 jPC planes from the output 

layer of the network during the posture task.  B) Goodness of fits for the network activity 

to the constrained (MSkew left) and unconstrained (MBest right) dynamical systems.  Null 

distributions were computed using tensor maximum entropy (TME). C-D) Same as A-B) 

for the output layer of the network during the reaching task. C, D) Grey bars denote the 

medians, the boxes denote the interquartile ranges and the whiskers denote the 10th and 

90th percentiles.  * p<0.05, **p<0.01.  
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Finally, we examined if the rotational dynamics would also occur in a network 

without recurrent connections for the center-out reaching task (NO-REC).  We found this 

network exhibited good control of the limb with qualitatively similar hand paths to the  

targets as the REC network during reaching (data not shown). Examining the output 

layer’s dynamics, we observed rotational dynamics with rotational frequencies of 1.4 and 

0.85Hz for the first and second planes, respectively (Figure 5.8C). These planes captured 

82% of the variance of the network activity. When we examined the fit qualities, we 

found significant fits for the constrained dynamical system with an R2 of 0.46 (Figure 

5.8D left; p=0.01), whereas for the unconstrained dynamical system we found a fit with 

an R2 of 0.56 but was not significant (Figure 5.8D right; p=0.15). Again, output layer 

activities could be predicted from the sensory inputs with high accuracy (Figure S5.1D).  

 

5.4 Discussion 

The present study highlights how neural network models with sensory feedback 

and recurrent connections exhibit rotational dynamics in the network activities and in the 

sensory feedback from the limb, but not in muscle activities. These rotational dynamics 

were observed for a postural perturbation and a delayed reaching task, and critically, even 

without recurrent connections in the model. Similar tasks performed by monkeys also 

illustrate rotational dynamics not only in MC, but also in somatosensory areas and likely 

in sensory feedback signals related to joint motion. Thus, rotational dynamics are a 

characteristic that is present throughout the sensorimotor system, just not for muscles. 

The standard equation to describe a linear dynamical system (�̇� = 𝑀 ∙ 𝑋 + 𝑈) 

assumes the system evolves in time based on its own intrinsic dynamics (𝑀 ∙ 𝑋) and from 
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inputs into the system (𝑈) (Vyas et al., 2020). However, previous studies have argued 

that motor cortical dynamics are largely generated from intrinsic dynamics with inputs 

providing static information about the desired output and a nonselective GO cue to 

initiate movement (Churchland et al., 2012; Sussillo et al., 2015).  This is supported by 

jPCA which fits neural activity using a linear dynamical system that only includes the 

term related to the intrinsic dynamics.  This model captures rotational structure at the 

population level and can account for a substantial amount of neural variance. In contrast, 

limb muscle activity during reaching does not show these rotational dynamics. 

Furthermore, Sussillo and colleagues (2015) also found similar rotational dynamics in 

recurrent neural networks trained to generate the same patterns of muscle activity 

observed during reaching. Critically, these networks exhibited rotations despite only 

receiving relatively simple inputs (step function) and no sensory feedback. Thus, the 

dynamics were generated solely through recurrent connections in the model. Collectively, 

this leads to the interpretation that MC possesses a strongly interconnected network that 

generates patterns of muscle activity, and that this process is predominantly generated 

within MC. 

The present study cannot directly refute that possibility, but it does provide 

several observations that clearly do not fit with this interpretation. Most critical is that our 

neural network model displayed rotational dynamics even when there were no recurrent 

connections and thus no intrinsic dynamics. Instead, rotational dynamics were generated 

by inputs to the network but could be inappropriately assessed as intrinsic dynamics. This 

suggests that rotational dynamics in MC may reflect internal dynamics, system inputs or 

any weighted combination of the two. 
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A second important observation is that we observed rotational dynamics in 

sensory feedback from the limb.  Previous recurrent neural networks models of MC only 

used EMG-like signals for sensory feedback (Sussillo et al., 2015). However, primary 

and secondary afferents are critical sources of sensory feedback for limb control and their 

activity correlates with muscle length and change in that length (Cheney and Preston, 

1976; Edin and Vallbo, 1990; Loeb, 1984). Our model and analysis of experimental data 

quantified joint angular position and velocity as a proxy of these sensory signals and 

found that they displayed rotational dynamics, similar to previous network models of 

control using kinematic variables (DeWolf et al., 2016; Susilaradeya et al., 2019). 

Furthermore, combined sensory feedback about kinematics and muscle activity could 

capture the high frequency rotations observed in the network activities indicating sensory 

feedback could provide rich dynamical signals for MC.  

Another important observation in the present study is that rotational dynamics 

were observed not only in MC, but also in somatosensory cortex during the perturbation 

and reaching tasks. Rotational dynamics were observed in S1 (areas 3a and 1), A2 and 

A5, important components of frontoparietal circuits involved in the planning and 

execution of arm motor function (Chowdhury et al., 2020; Kalaska, 1996; Kalaska et al., 

1990; Omrani et al., 2016; Takei et al., 2020). Thus, rotational dynamics are observed 

throughout frontoparietal circuits and likely in sensory feedback from the limb. 

Although MC could still, in theory, generate the rotational dynamics exclusively 

through its recurrent connection, there are several reasons why inputs to MC are likely 

substantial during motor actions and contribute to its dynamics. Most notable is that 

behavioural level models of the motor system emphasize a dynamical systems 
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perspective where various sources of information are rapidly processed to help guide and 

control ongoing motor actions.  Optimal feedback control models have been influential as 

a normative model of voluntary control for almost 20 years (Scott, 2004; Todorov and 

Jordan, 2002). These types of controllers include two basic processes. First, state 

estimation where the present state of the body is optimally calculated from various 

sensory signals as well as from internal feedback generated using forward models. 

Second, a control policy uses this state estimate to generate motor commands to move the 

limb to a behavioural goal. These models predict many features of our motor system 

including that it is highly variable but also successful, and the ability to exploit 

redundancy while attaining a goal reflecting an interplay between kinematic errors and 

goal-directed corrections (Diedrichsen, 2007; Knill et al., 2011; Liu and Todorov, 2007; 

Nashed et al., 2012, 2014; Scott, 2016; Trommershäuser et al., 2005). A large body of 

literature highlights that goal-directed motor corrections to mechanical disturbances can 

occur in ~60ms and involve a transcortical pathway through MC (Matthews, 1991; Scott, 

2004, 2012). These observations point to the importance of sensory feedback processing 

as a continuous rather than an intermittent process providing a continuous stream of input 

to brain circuits to guide and control motor actions (Crevecoeur and Kurtzer, 2018). 

The dynamical systems view of MC activity developed from an attempt to 

understand the complex patterns of activity in M1, and how those dynamics lead to 

movement. This interpretation has tended to isolate processing by MC from the rest of 

the brain (but see Michaels et al., 2020) and that the objective of this processing is to 

generate patterns of muscle activity.  However, this interpretation does not predict or 

explain behaviour – such as what the constraints or optimality criteria are that shape 
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behavior or what computational problem the brain is trying to solve? These are exactly 

the problems addressed by optimal control models. Optimal control theory focusses on 

the importance of the entire circuit including sensory feedback for goal-directed control 

and has good explanatory power at the level of behaviour. Critically, it is the behavioural 

goal that is the fundamental objective as muscle activity can vary from trial-to-trial 

reflecting necessary corrective responses to deal with noise and errors.  However, optimal 

control theory will need additional assumptions and structure to explain the nature of 

neural processing. Thus, the two classes of models have the potential to be 

complementary and work together. 

One feature not captured by our model is that complex multi-phasic activity 

patterns precede movement onset by 100-150ms, and this observation has been used as 

evidence for autonomous MC dynamics (Churchland et al., 2012; Schroeder et al., 2019; 

Sussillo et al., 2015). Obviously sensory feedback of the movement cannot play a role in 

generating these early responses, which must instead occur through internal processing, 

including inputs from other brain regions (Sauerbrei et al., 2020).  Though of course 

these inputs can include sensory feedback about the state of the limb and the movement 

goal (Ahmadi-Pajouh et al., 2012; Ames et al., 2019; Pruszynski et al., 2008, 2014).  In 

any case, even if the pre-movement dynamics in MC were autonomous, this would not 

imply that MC continues to behave as an autonomous system during movement.  Instead, 

our results show that sensory feedback is likely to contribute heavily to MC dynamics 

during movement. 

How inputs conveying sensory and internal feedback are processed by MC 

remains an important and poorly understood problem in motor control. Recent studies 
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have suggested that MC uses an initial planning stage when processing visual feedback 

during movement. Stavisky et al., (2017) showed that the initial visual feedback response 

to a shift in hand position during reaching may be transiently isolated from the activity 

associated with generating motor output. However, as we show here, this latter activity 

may still reflect sensory and internal feedback.  Similarly, Ames et al., (2019) showed 

that jumping the location of the goal during reaching to a new location generated activity 

patterns that were similar to the patterns generated when planning a separate reach to the 

new goal’s location. This planning stage may reflect an update to the control policy given 

the visual error, resembling model predictive control (Dimitriou et al., 2013) and it 

remains an open question if these feedback responses to systematic errors (visual shift or 

mechanical load) evoke the same activity patterns in MC as motor noise (Crevecoeur et 

al., 2012).  

However, new techniques will be required to better explore how inputs are 

processed by MC.  Recent methods that exploit simultaneous recordings from multiple 

brain areas provide a promising tool to identify input signals to a given circuit (Kohn et 

al., 2020; Perich et al., 2018; Semedo et al., 2019).  Using these techniques, Perich et al., 

(2020) provides evidence of a communication subspace between the somatosensory and 

motor cortices that contributes to a substantial amount of the variance in MC, consistent 

with inputs playing a key role in motor cortical dynamics.  Studies that perturb neural 

circuits through stimulation, cooling probes or optogenetics will also provide valuable 

insight into how inputs are transformed by MC (Guo et al., 2020; Hore et al., 1977; Li et 

al., 2016; Nashef et al., 2018, 2019; Perich et al., 2020; Svoboda and Li, 2018; Takei et 

al., 2020). For example, deactivating cerebellar output can substantially impact 
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preparatory activity in the MC and feedback responses to mechanical loads (Chabrol et 

al., 2019; Conrad et al., 1974; Gao et al., 2018; Meyer-Lohmann et al., 1975). Sauerbrei 

et al., (2020) also recently uncovered how the sudden loss of input from motor thalamus 

results in a collapse of motor cortical dynamics.  These techniques and future 

advancements will be needed to tease apart dynamics generated internally versus 

dynamics generated from external sources.  

5.5 Methods 

Two-link arm model. We constructed a two-link model of the upper arm as detailed in 

Lillicrap and Scott, (2013). The model was constrained to move in a horizontal two-

dimensional plane and incorporated arm geometry and inter-segmental dynamics. The 

dynamics of the limb were governed by  

𝐱t+1 = f(𝐱t, 𝛕t)  [1] 

Where, ‘𝐱t’ is the vector state of the arm at time ‘t’ and was composed of the angular 

positions and velocities of the elbow and shoulder joints [θelb, θsho, θ̇elb, θ̇sho]. ‘𝛕t’ is the 

two-dimensional vector of torques applied to the shoulder and elbow joints at time ‘t’. 

We incorporated 6-lumped muscle actuators that moved the arm, which included 4 mono-

articular and 2 bi-articular muscles. These muscles received input from the neural 

network and exhibited force-length and force-velocity dependent activation properties  

(Brown et al., 1999).  Muscle forces (mt) were converted to joint torques by computing 

the product between each muscle’s force output with their respective moment arm. The 

parameters for the arm dynamics, moment-arm matrix and the muscle force-

length/velocity (F-L/V) properties were drawn from the literature (Brown et al., 1999; 
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Cheng et al., 2000; Graham and Scott, 2003). The continuous arm dynamics were 

discretized and solved using Euler’s integration with a time step (dt) of 10ms. 

Network description. We used a recurrent neural network (RNN) composed of two layers 

to control the arm model. Both layers had recurrent connections between units within 

each layer and all units had leaky-integration properties and a standard sigmoid activation 

function.   

The first layer received inputs (𝐬t) composed of a step signal representing the desired 

joint state (𝐱t
∗), delayed (∆=50ms) state feedback from the arm (𝐱t−∆, joint angles and 

angular velocities) and delayed muscle activations (𝐦t−∆).  For the reaching task we also 

included a condition-independent binary ‘GO’ cue to indicate when the network should 

initiate movement. This signal was applied as a step function smoothed with a 20ms s.d. 

Gaussian kernel (high indicates hold command, low indicates move command).  The 

dynamics of the first layer (referred to as input layer) were governed by 

𝐡t+1 =  (1 −  ln)𝐡t +  lntanh (𝐖sh𝐬t +  𝐖hh𝐡t + 𝐛h)  [2] 

Where, 𝐡t is the vector of unit activities for the input layer, ‘ln’ is the ratio between the 

simulation time-step (dt) and the time-constant of the network units (τn), hence ln =

 dt τn⁄ . 𝐖sh is the weight matrix that maps the inputs to the activities of the input 

layer, 𝐖hh is the weight matrix for the recurrent connections between units in the input 

layer, and 𝐛h is the bias (or baseline) for the first layer activities.  

 The second layer (output layer) received input from the input layer and its 

dynamics were governed by 

𝐨t+1 =  (1 −  ln)𝐨t +  lntanh (𝐖ho𝐡t +  𝐖oo𝐨t + 𝐛o) [3] 
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Where, 𝐨t+1is the vector of unit activities for the output layer,  𝐖ho is the weight matrix 

that maps the input layer activities to the output layer activities, 𝐖oo is the weight matrix 

for the recurrent connections between units in the output layer, and 𝐛o is the bias (or 

baseline) for the output layer activities.  

The output layer provides inputs to the 6 muscles used to control the limb. The 

muscle activities (𝐦t) were governed by, 

𝐦t+1 =  (1 −  lm) ∙ 𝐦t +  lm ∙ [𝐖ou𝐨t]+  [4] 

𝐖ou is the weight matrix that maps the activities in the output layer to the lumped muscle 

actuators, and lmis the leak time constant for the muscle given by, lm =  dt τm⁄ . 

 We also examined networks where we removed the recurrent connections from 

each layer by effectively setting  𝐖hh, 𝐖oo to zero for the entire simulation and 

optimization (NO-REC networks).   

 For all simulations, the input and output layers were composed of N = 500 units 

each and the time constants of network units (τn) and muscle units (τm)  were 20ms and 

50ms, respectively. The weight matrices were initialized from a gaussian distribution 

centered on zero with a standard deviation of ± 1 √N⁄ . All the bias vectors [𝐛h, 𝐛o ] were 

initialized to 0. 

Choice of sensory inputs into network. Our model receives delayed sensory feedback 

from the periphery composed of the angles and angular velocities of the joints as well as 

the muscle activities.  We think these are reasonable inputs into the network based on 

known properties of proprioceptors.  Activity of muscle spindles are known to signal 

muscle length and velocity (Cheney and Preston, 1976; Edin and Vallbo, 1990; Loeb, 

1984), which could be used to form an estimate of joint angle and angular velocity (Scott 
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and Loeb, 1994).  Activity of Golgi tendon organs signal muscle tension and correlate 

with muscle activity (Houk and Henneman, 1967; Nichols, 2017; Prochazka and Wand, 

1980). 

Task descriptions. We trained the network to perform a posture perturbation task similar 

to our previous studies (Heming et al., 2019; Omrani et al., 2014; Pruszynski et al., 

2014).  The network was required to keep the arm at a desired position while the limb 

was displaced by loads applied to the shoulder and elbow joints. Eight torques (of 

magnitude 0.2Nm) were used consisting of elbow flexion (EF), elbow extension (EE), 

shoulder flexion (SF), shoulder extension (SE), and the four multi-joint torques (SF+EF, 

SF+EE, SE+EF, SE+EE). Importantly the network did not receive any explicit 

information on the direction of the applied load and has to use the delayed sensory 

feedback to produce appropriate compensation.  

We also trained separate instances of the network to perform a delayed center-out 

reach task that required the network to hold the arm at a starting position for 500ms. 

Afterwards, a GO cue appeared signaling the network to move to the target within 

500ms.  We had the network reach to 32 different targets spaced radially around the 

starting position with half of the targets located 2cm away from the starting position, and 

the remaining half were placed 5cm away from the starting position.  The network then 

had to hold at the reach target for the remainder of the trial (~500ms).  Note, for our 

simulations we used a fixed time delay (represented by the GO signal) for when the 

network should initiate a reach to decrease optimization time. Simulations with a variable 

delay yielded virtually the same results.  
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Network optimization. For optimizing the networks, we defined the loss function (‘l’) 

over a given trial (i) as  

li = ∑ ‖𝐱t
i − 𝐱t

∗i‖
2

+ α‖𝐦t
i‖

2
+𝑇

𝑡=0 β‖𝐡t
i‖

2
+ γ‖𝐨t

i‖
2
 [5] 

 

Where 𝛼, 𝛽, 𝛾 are penalization weights. The first term of the loss function is the 

vector norm between the desired limb kinematic state (𝐱t
∗i) and the current limb 

kinematic state (𝐱t
i). The second term penalizes the total muscle activity, and the third 

and fourth terms penalize high network activities for the first and second layers, 

respectively.  

In the posture perturbation task, the desired limb state was static irrespective of 

the direction of external torques, and the kinematic term considered the norm of the 

difference between the desired state of the arm and the actual state 1000ms after the time 

of load application.  In the reach task, the desired limb state was defined as the location 

of the reach target on that trial and the kinematic error was penalized 500ms after the GO 

cue was presented. Similar to the posture task, the muscle and network activities were 

penalized during the entire reach task. 

The network parameters were determined by minimizing the total cost ‘J’ from 

summing the individual trial loss functions across different movement types (i.e. the 9 

load combinations in the posture task or 32 target locations in the reach task). 

J =  
1

2∙M∙𝑇
∑ liM

i=1  [6] 

We optimized the network by applying back-propagation through time (Werbos, 

1990). This requires us to compute the cost-gradient ( 
𝜕𝐽

𝜕𝑊
 ) with respect to the adjustable 
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network parameters 𝑾 = [𝑾𝑠ℎ , 𝑾ℎℎ, 𝑾ℎ𝑜 , 𝑾𝑜𝑜 , 𝑾𝑜𝑢, 𝒃ℎ, 𝒃𝑜 ]. Since, the total cost 

depends upon the kinematic state of the arm (𝒙𝑡), the optimization problem involves 

calculating the Jacobian of the arm dynamics ( 
𝜕𝒙𝑡

𝜕𝒖𝑡
 ) at each time-step, as presented in 

Stroeve, (1998). Our simulations were implemented in Python and PyTorch machine 

learning library (Paszke et al., 2017). Optimization was performed using the Adam 

algorithm (Kingma and Ba, 2017) and performed until the network generated successful 

limb trajectories and the error had decreased to a small, constant valuer (approx. 1e-4) for 

at least 500 epochs. For all the simulations, the hyper-parameters were fixed at 𝛼=1e-

4/1e-3, 𝛽 = 1e-5/1e-6 and 𝛾 = 1e-5/1e-6; although comparable network solutions were 

obtained for a broad range of these hyper-parameter values. Note, in the posture task, 

during a delayed period before the application of any load, the muscle activities were 

penalized with a higher 𝛼 = 1e-2 to ensure that the muscles were not active by default at a 

higher baseline to counter-act the upcoming load. 

Neural recordings. We analyzed neural activity from fronto-parietal areas when monkeys 

performed a posture perturbation task that had been previously collected (Chowdhury et 

al., 2020; Heming et al., 2019; Omrani et al., 2014, 2016; Pruszynski et al., 2014).  

Briefly, Monkeys P, A, X, Pu, and M had their arms placed in a robotic exoskeleton that 

restricted the animal’s movements to motion of the shoulder and elbow joints in a 2-d 

horizontal plane.  These animals performed almost the exact same posture perturbation 

task as the network. However, different load magnitudes were used for each monkey 

depending on their physical capabilities (Monkeys P, X =0.2Nm, A=0.4Nm, Pu=0.2Nm, 

M=0.34Nm). Also, for some recordings in Monkey P, X and M the load was removed 

300ms after it was applied. Given that we were interested in the earliest feedback 
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response, we included these recordings.  Data for Monkeys H and C were from 

Chowdhury et al., (2020) where the monkeys performed a similar task using a robotic 

manipulandum and where 2N forces were applied to the manipulandum that lasted 125ms 

(London and Miller, 2012). 

Monkeys H and C also performed a delayed center-out reaching task (Chowdhury 

et al., 2020; London and Miller, 2012).  Goal targets were arranged radially around the 

starting position at a distance of 12.5cm.  For Monkeys H and C, eight and four different 

goal locations were used, respectively. After the delay period, the monkeys had to reach 

for the goal location within ~2seconds for a successful reach. 

Single tungsten electrodes were used to record cortical activity from Monkeys P, 

A and X and floating micro-electrode arrays were used to record from Monkeys M, Pu, H 

and C.  Primary motor cortex activity was recorded from Monkeys P, A, X, Pu and M.  

Premotor cortex activity was also recorded from Monkeys P and A, which were pooled 

with the primary motor cortex neurons.  Primary somatosensory area 1 (areas 3a and 1) 

and parietal area 5 were recorded from Monkey P. Primary somatosensory area 2 and 

parietal area 5 were recorded from Monkey A.  Primary somatosensory area 2 was 

recorded from Monkeys H and C. 

Spike timestamps were convolved with a gaussian kernel with a standard 

deviation of 30ms.  For displaying the single neuron responses only, timestamps were 

convolved with a half-gaussian kernel (SD 30ms) that only estimated the instantaneous 

firing rate using spikes from the past.  This prevented the appearance during the posture 

perturbation task that changes in firing rates preceded the onset of the load.  
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Muscle recordings. Muscle activity was recorded percutaneously by inserting two single-

stranded wires into the muscle belly (Scott and Kalaska, 1997).  Stimulation was used to 

confirm the penetrated muscles.  We recorded from the main extensor and flexor muscles 

of the shoulder and elbow including triceps (lateral and long), biceps (long and short), 

deltoids (anterior, medial and posterior heads), brachioradialis, supraspinatus and 

pectoralis major.  From each monkey we recorded a subset of these muscles that included 

a mixture of flexor and extensor muscles for both the shoulder and elbow joints. 

 jPCA analysis.  We performed jPCA analysis on the neural network similar to 

Churchland et al., (2012) using code available at 

https://churchland.zuckermaninstitute.columbia.edu/content/code.  We constructed 

matrices X that contained the activities of all neurons in the network for every time point 

and condition (i.e. load combinations or reach directions).  These matrices had NxCT 

dimensions, where N is the number of neurons in the network, C is the number of 

conditions, and T is the number of timepoints.  The mean signal across conditions was 

subtracted at each time point and activity was soft normalized by the activity range plus a 

small constant (5e-4). 

Principle components analysis (PCA) was applied to X and the top-6 principle 

components were used to reduce X to 𝑋𝑅𝑒𝑑 (6xCT dimensions).  We numerically 

calculated the derivative of 𝑋𝑅𝑒𝑑 yielding �̇�𝑅𝑒𝑑, and fit a linear dynamical model which 

found a relationship between 𝑋𝑅𝑒𝑑 and �̇�𝑅𝑒𝑑 

�̇�𝑅𝑒𝑑 = 𝑀𝑋𝑅𝑒𝑑  [7]  

Where M is a 6x6 weight matrix.  We assessed the model’s fit by calculating the 

coefficient of determination (𝑅2).  

https://churchland.zuckermaninstitute.columbia.edu/content/code
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With no constraint on M, any linear dynamical system could be captured by this 

equation including oscillators, point and line attractors, etc. We compared how an 

unconstrained M performed with a fit where we constrained M to be skew symmetric 

(𝑀𝑆𝑘𝑒𝑤).  This restricted the possible dynamical systems to systems with oscillatory 

dynamics. Skew-symmetric matrices have pairs of eigenvectors with eigenvalues that are 

complex conjugates of each other.  These eigenvector pairs were found from 𝑀𝑆𝑘𝑒𝑤 and 

the corresponding activity generated 2-dimensional jPCA planes.  𝑀𝑆𝑘𝑒𝑤 generates 3 

jPCA planes and the planes were ranked by their eigenvalues (i.e. the speed of the 

rotational dynamics) from highest to lowest.  The amount of variance each plane captured 

of the original matrix X (VAF) was calculated and normalized by the total amount of 

variance in the original matrix X. 

 jPCA analysis was also applied to the kinematic feedback signals from the plant 

(normalization constant 0), the muscle activity produced by the network (0), the recorded 

neural activity (5sp/s) and the recorded EMG activity (0).  Since there are fewer 

kinematic and muscle signals than neural signals, we only examined activity in the top-

two kinematic components, and the top-four muscle components.  For the posture task, 

jPCA analysis was applied for the first 300ms after the load onset for the neural 

recordings.  For the network, jPCA analysis was applied from 70-370ms after the load 

onset to reflect the 50ms delay in sensory feedback processing.  Similar results were 

obtained using 0-300ms epoch. For the reaching data, jPCA analysis was applied for the 

first 300ms after the start of movement.  

Tensor maximum entropy.  We tested our findings against the hypothesis that rotational 

dynamics are a byproduct of the tuning and smoothness properties of neurons.  We 
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employed tensor maximum entropy to generate surrogate datasets (Elsayed and 

Cunningham, 2017) using code available at https://github.com/gamaleldin/TME.  This 

method generates surrogate data sets that preserve the covariances across neurons, 

conditions and time but not their interactions as required for rotational dynamics.  

Surrogate data sets were then sampled from this distribution and the jPCA analysis was 

applied to each data set (1000 iterations).   

Down-sampling neuron activity. For the muscle and kinematics, assessing whether the 

observed rotational dynamics were significant or not was complicated by the fact that 

there were fewer muscle and kinematics signals.  Indeed, neural population dynamics 

deemed significant using TME were no longer significant after down sampling the neural 

population to match the number of kinematic and muscle samples.  Instead, we assessed 

whether the rotational dynamics in the muscle or kinematic signals were more dynamical 

than neural activity after correcting for the number of signals. We randomly sampled 

neurons from the neural population to match the number of muscles or kinematic signals 

and applied jPCA analysis to the resulting population activity. This was repeated 1000 

times. 
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5.7 Supplementary Figures 

 

 

Figure Supplementary 5.1. Decoding output layer trajectories using sensory input.  

A) The top jPC plane from the output layer activities (left) and the decoded activity using 

only sensory feedback (right) during the perturbation posture task.  R2 reflects the fit 

quality across all 6 jPC planes.  B) Same as A) for the center-out reaching task.  C-D) 

Same as A-B) except for the NO-REC networks.  
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Figure Supplementary 5.2. Population dynamics in somatosensory cortex during 

posture task from Chowdhury et al., (2020).  

A) Hand paths for Monkey H using an endpoint manipulandum where loads were applied 

that displaced the hand from the starting position. B, C) The shoulder flexion angle and 

angular velocity across the load directions.  D) The top jPC plane from activity recorded 

in somatosensory area 2. E) Goodness of fits to the constrained (MSkew left) and 

unconstrained (MBest right) dynamical systems.  Null distributions were computed using 

tensor maximum entropy. F-G) Same as D-E) except for the kinematic signals. Null 

distributions were computed from the down-sampled neural activity.  Data from 

Chowdhury et al., (2020). * p<0.05, ** p<0.01, *** p<0.001. 
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Figure Supplementary 5.3. Population dynamics in motor cortex for individual 

monkeys.  

A) The top-2 jPC planes from activity recorded in motor cortex in Monkey P. B) The top 

jPC plane from activity recorded in motor cortex in Monkey A. C-E) Same as B) for 

Monkeys X, Pu, and M.   
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Figure Supplementary 5.4. Population dynamics in somatosensory cortex for 

individual monkeys.  

Data are presented the same as Supplementary Figure 3 for S1 in Monkey P (A), A2 in 

Monkey A (B), A5 in Monkey P (C) and A5 in Monkey A (D).   
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Figure Supplementary 5.5. Decoding M1 activity using kinematic and muscle 

activities. 

 Data presented the same as in Figure Supplementary 1 except for individual monkeys. 
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Figure Supplementary 5.6. Population dynamics in somatosensory cortex during 

reaching from Chowdhury et al., (2020).  

A) Hand paths for Monkey H using an endpoint manipulandum to reach to different 

targets located in a center-out pattern.  Targets were placed 12cm from the starting 

position. B-C) The shoulder flexion angle and angular velocity across the different reach 

directions (shoulder flexion angle defined in Chan and Moran, 2006).  D) The top jPC 

plane from activity recorded in somatosensory area 2. E) Goodness of fits to the 

constrained (MSkew left) and unconstrained (MBest right) dynamical systems.  Null 

distributions were computed using tensor maximum entropy (TME). F-G) Same as D-E) 

except for the kinematic signals. Null distributions were computed from the down-

sampled neural activity.  * p<0.05, ***p<0.001.  
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Chapter 6 

General Discussion 
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6.1 Summary of findings 

 OFC is theory of motor coordination that emphasizes the flexible use of sensory 

feedback when generating motor actions.  This theory predicts that sensory feedback 

about the limb and goal play an important role in generating accurate movements and 

should be processed in a flexible, task-dependent manner. Many studies have shown how 

corrective responses to mechanical loads applied to the limb can account for different 

behavioural factors including limb physics, target properties, prior instruction, urgency, 

online decision making and the environment. Here, we extended these findings by 

investigating the influence proprioceptive and visual feedback has on the motor system at 

the behavioural and neural circuit levels. Below I provide a brief summary of each study 

and the main findings. 

1. In the first study (Chapter 2) we explored whether motor responses to visual 

feedback of the limb (cursor feedback) were flexible to goal redundancy and 

environmental obstacles.  We found in humans that the earliest muscle response 

starting 90ms after a cursor jump was modulated by the redundancy of the goal 

but could not account for the environmental obstacles. Instead, muscle activity 

starting 120ms after the jump accounted for the obstacles. This suggests visual 

feedback is processed by two distinct pathways in the motor system 

2. In the second study (Chapter 3) we examined if monkeys could also exploit goal 

redundancy when responding to sensory perturbations.  We developed a 

behavioural task involving goal redundancy for monkeys that allowed us to probe 

feedback responses to cursor perturbations and mechanical loads.  The monkeys’ 

behaviour exhibited characteristics similar to those predicted by OFC including 
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increased reach variability and smaller corrective responses to perturbations when 

reaching to a spatially redundant goal. Critically, similar to humans we found 

muscle activity in monkeys evoked by mechanical and cursor perturbations 

differentiated based on goal redundancy starting 70ms after a mechanical load and 

90ms after a cursor jump. 

3. In the third study (Chapter 4) we explored how proprioceptive feedback and 

visual feedback of the limb and goal were organized in M1.  We found a strong 

convergence of proprioceptive and visual feedback in M1 with each feedback 

source targeting overlapping populations of neurons.  We also found each 

feedback source evoked a similar set of activity patterns at the single-cell and 

population levels in M1. Our results also indicate that proprioceptive feedback 

had a stronger influence on M1 processing than visual feedback.  Thus, each 

feedback source largely targets the same network in M1 and may be acted upon 

by the same control policy for online control. 

4. In the last study (Chapter 5), we investigated whether rotational dynamics in M1 

reflect processing by autonomous networks or could also arise in networks 

performing feedback control. First, we found neural networks and M1 exhibited 

rotational dynamics when responding to a mechanical perturbation of the limb 

suggesting that tasks that require processing sensory feedback also generate 

rotational dynamics.  Second, we found neural network models receiving sensory 

feedback about the limb but without recurrent connections still exhibited 

rotational dynamics. These results indicate rotational dynamics arise in networks 
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behaving like a feedback controller and are not a signature of an autonomous 

pattern generator. 

Collectively, our results provide insight into how visual and proprioceptive feedback 

are processed by the motor system at the behavioural and neural circuit levels for 

voluntary control. 

6.2 Monkeys exploit goal redundancy like humans 

Previous studies and the study presented in Chapter 2 demonstrate that humans 

are able to exploit spatial redundancies of the goal during reaching (Knill et al., 2011; 

Nashed et al., 2012; de Brouwer et al., 2017; Keyser et al., 2017, 2019). When reaching 

to a wide, spatially redundant goal, participants exhibit greater trial-by-trial variability in 

their reach endpoints as compared to reaches to a narrow goal.  This increased variability 

is structured as it largely accumulates along the redundant axis of the goal. Errors in the 

limb’s position caused by mechanical loads or cursor jumps result in a full correction for 

the error when reaching for the narrow goal and a significantly smaller correction when 

reaching for the wide goal.  Differences in these corrective responses can be detected in 

the accompanying muscle activity within ~70ms after an applied load and ~90ms after a 

cursor jump.  

 In Chapter 3 we present a study showing monkeys also exploit spatial redundancy 

of the goal with performance comparable to humans. Similar to humans, monkeys 

demonstrated increased trial-by-trial variability in their reach endpoints and corrected less 

for the perturbations when reaching for the wide goal.  Critically, muscle activity 

differentiated based on goal shape starting at ~70ms after a mechanical load and ~90ms 

after a cursor jump similar to humans.  The advantage of translating these reaching tasks 
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into the monkey is that it will allow for future investigations into the neural circuits 

involved with generating these flexible motor responses using invasive techniques. 

6.3 Neural circuits involved with generating feedback responses that exploit goal 

redundancy 

 As mentioned in the Introduction, M1 is a likely candidate for generating flexible 

feedback responses to mechanical loads.  Flexible muscle responses can be severely 

impacted by lesions to M1 (Marsden et al., 1977; Dietz et al., 1991; Trumbower et al., 

2013; Bourke et al., 2015; Lowrey et al., 2019). M1 also rapidly responds to 

proprioceptive feedback within ~20ms of a disturbance and this response can be flexibly 

modulated starting ~40-50ms after the disturbance by a number of factors including limb 

physics (Pruszynski et al., 2011), prior instruction (Evarts and Tanji, 1976; Pruszynski et 

al., 2014), background load (Wolpaw, 1980) and task engagement (Omrani et al., 2014). 

Importantly, flexible responses in M1 precede the accompanying flexible muscle activity 

suggesting M1 could be generating the accompanying muscle activity. In contrast, 

premotor cortex flexibly responds to proprioceptive feedback starting ~100ms after a 

disturbance and occurs after the accompanying muscle activity (Omrani et al., 2016). 

This suggests M1 and not premotor cortex is likely involved with directly generating 

these flexible muscle responses to proprioceptive feedback. 

 It is also likely that M1 is involved with generating the flexible muscle response 

to mechanical loads that exploit goal redundancy.  Indeed, preliminary data not presented 

in the current thesis (Appendix A) shows M1 activity while monkeys performed the same 

task described in Chapter 3. M1 activity in response to mechanical loads appear to 

differentiate based on goal shape starting in <100ms. Critically, M1 activity appeared to 
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differentiate earlier than muscle activity in Monkey M consistent with M1 generating the 

flexible muscle response. 

 It is tempting to suggest M1 may also be involved with generating the earliest 

muscle response to a cursor jump that exploits goal redundancy.  Indeed, based on the 

results presented in Chapter 4, it appears visual and proprioceptive feedback largely 

influence the same circuit in M1 and thus M1 should exhibit similar flexibilities to visual 

and proprioceptive feedback.  However, our preliminary data recorded from M1 seems to 

indicate that M1 responses for cursor jumps differentiate based on goal shape at the same 

time as the corresponding muscle activity (Appendix A).  Thus, M1 appears to be too 

slow to respond to visual feedback to generate the earliest muscle activity.  

Instead, premotor cortex may be involved with generating the earliest muscle 

activity to visual feedback.  Premotor cortex projects to the spinal cord independently of 

M1 (Dum and Strick, 1991). Previous studies also indicate that premotor cortex responds 

to visual feedback earlier than M1 with onset of ~60-70ms after a visual disturbance 

(Cisek and Kalaska, 2005; Archambault et al., 2011). Interestingly, this early activity 

seems to be largely insensitive to the intended movement trajectory as found by Shen and 

Alexander, (1997). They trained monkeys to reach towards a goal using a joystick while a 

visuomotor rotation of 90˚ was applied to the cursor’s position (i.e. reaching to a goal 

directly in front required the joystick to be moved to the right). They found the early 

activity in premotor cortex when the visual goal appeared was independent of whether a 

visuomotor rotation was applied or not. Instead, the early activity largely varied with the 

visual location of the goal and thus reflected the properties of the visual stimuli and not 

the intended motor plan.  This suggests that there is limited flexibility in the early visual-
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related activity in premotor cortex.  However, as demonstrated in Chapter 2, the earliest 

muscle response also exhibited limited flexibility as it was insensitive to environmental 

obstacles. Thus, it is still possible that premotor cortex is involved with generating 

flexible muscle responses to visual feedback. 

6.4 Role of subcortical structures in generating rapid motor responses 

Flexible motor responses to mechanical loads may also be generated from several 

subcortical structures including the spinal cord.  Indeed, the earliest recordable muscle 

activity starts ~20ms after a mechanical load and can only be generated by spinal cord 

circuits due to the short delay.  However, many studies have documented how this early 

response is largely immutable to many different behavioural factors including obstacles 

(Nashed et al., 2012, 2014), prior instruction (Hammond, 1956; Pruszynski et al., 2008), 

environmental loads (Cluff and Scott, 2013), and bimanual coordination (Mutha and 

Sainburg, 2009; Omrani et al., 2013). Also, this early response cannot account for the 

intersegmental dynamics of the shoulder and elbow joints (Kurtzer et al., 2008), however, 

a recent study by Weiler et al., (2019) demonstrated that this response can account for 

intersegmental dynamics of the wrist and elbow joints. The fact that this early response 

(~20ms after load) is generated by spinal circuits and is largely immutable seems 

inconsistent with a role in generating flexible muscle responses starting 60ms after a 

mechanical load. Thus, most groups have speculated that flexible muscle responses are 

not generated by the spinal cord.  

A largely unexplored area that may be involved with generating these rapid 

feedback responses is the brain stem.  The red nucleus and pontomedullary reticular 

formation (PMRF) are brain stem circuits that project to the spinal cord and are involved 
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with generating motor commands.  These areas also rapidly respond to proprioceptive 

feedback with activity patterns largely similar to M1 (Herter et al., 2015), albeit PMRF 

appears to be generally less sensitive to proprioceptive feedback (~16% of cells respond) 

than M1 (~46% of cells; Soteropoulos et al., 2012).  This suggests a role for the red 

nucleus and PMRF in feedback control of the upper limb, however, currently there have 

been no studies that we are aware of that have examined how behavioural context alters 

feedback responses in these subcortical areas.  

The rapid muscle response to visual feedback may also have a subcortical 

contribution as there is some evidence that the superior colliculus is involved. Superior 

colliculus rapidly responds to visual inputs with an onset of ~50ms (Marino et al., 2012) 

and stimulation of the superior colliculus can evoke activity in muscles of the upper limb 

(Philipp and Hoffmann, 2014).  Pioneering work by Alstermark et al., (1987) identified 

the tecto-reticulo-spinal pathway as a key contributor in cats for generating rapid motor 

corrections to a change in the visual location of a goal. They used spinal cord lesions that 

targeted different descending motor pathways and found lesions that disrupted the direct 

cortico-spinal and rubro-spinal pathways did not affect how quickly the cat reacted to the 

goal change. However, lesions that disrupted the tecto-reticulo-spinal pathway resulted in 

longer reaction times of 30-50ms suggesting that the earliest corrective response is 

mediated by the superior colliculus. Similar conclusions were drawn by Day and Brown, 

(2001) when examining a participant with degeneration of the corpus callosum that could 

still generate rapid corrective responses to visual stimuli presented in either visual 

hemifield. However, currently there have been no neurophysiological studies of the 

superior colliculus examining rapid motor corrections to visual stimuli for the upper limb. 



 

245 

 

These studies highlight a potential role for the spinal cord, reticular nuclei, red 

nuclei and superior colliculus in feedback corrections to sensory errors of the limb.  

However, there is a broader question about the role these areas may have with generating 

voluntary motor actions.  Are these areas only recruited during feedback errors or do they 

contribute continuously throughout a movement?  Indeed, during motor actions each of 

these areas exhibit preparatory signals about the upcoming movement and exhibit 

movement-related activity patterns that resemble muscle activity suggestive of a role in 

planning and continuous execution of a movement (Werner, 1993; Miller and Sinkjaer, 

1998; Prut and Fetz, 1999; Stuphorn et al., 1999; Takei and Seki, 2010; Takei et al., 

2017). 

However, to directly examine the relative influence of each motor center during 

planning and execution one would ideally like to rapidly and reversible inactivate each of 

these areas.  Reversible inactivation of each motor center could in theory be achieved 

through optogenetic techniques such as expressing inhibitory opsins in the neurons 

(Chow et al., 2010).  One prediction is that if each motor center is continuously involved 

with generating movement than inactivation of the motor center may result in slow goal-

directed reaches as the collective drive to the motor pool has been diminished.  However, 

for these experiments technological advancements will be needed to translate current 

optogenetic tools from rodents to primates as previous attempts have had limited success 

(Diester et al., 2011).   

6.5 Implications for behaviour for the convergence of sensory feedback in M1 

The strong convergence of sensory feedback in M1 presented in Chapter 4 has 

important implications about the flexibility of feedback responses and how different 
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modalities may interact.  As mentioned, proprioceptive feedback responses are flexible to 

many different behavioural contexts.  Furthermore, evidence indicates that M1 is a vital 

node in generating these flexible responses (Evarts and Tanji, 1976; Pruszynski et al., 

2011; Omrani et al., 2014).  Since visual feedback of the limb and goal also target the 

same network in M1 as proprioceptive feedback, the prediction is that visual feedback 

should exhibit similar flexibilities to these behavioural factors. Based on the results in 

Chapter 2, we predict that this flexibility for visual feedback should arise starting ~120ms 

after a visual disturbance as we found responses reflecting goal redundancy and 

environmental obstacles started at this time point.   

Another prediction is that  proprioceptive and visual feedback should interact as 

they are processed by the same circuit in M1. Indeed, several studies have found changes 

in the visual location of the goal provided ~70ms before the onset of a mechanical load 

can alter how a participant corrects for the load (Mutha et al., 2008; Yang et al., 2011). 

This 70ms delay is notable as it is consistent with the relative timing difference between 

context-dependent responses for proprioceptive feedback (60ms) and visual feedback 

(120ms).  Our recent work in humans also demonstrate that visual and proprioceptive 

feedback of the limb integrate sub-additively consistent with multisensory integration 

(Kasuga et al. in prep).  

It is worth noting that Oostwoud Wijdenes and Medendorp, (2017) have 

suggested that feedback responses to proprioceptive and visual feedback of the goal do 

not appear to integrate.  This is based on the observations by Mutha et al., (2008) that 

feedback responses to mechanical loads that were preceded by a jump of the goal did not 

scale with the size of the goal jump.  However, this likely reflects that feedback responses 
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to visual perturbations do not scale with the visual error (Chapter 2, Franklin et al., 2016) 

rather than feedback processes that are not integrated together. 

6.6 Predictions about how M1 might respond to multiple simultaneous 

perturbations 

Our results presented in Chapter 4 examined M1 activity in response to only one 

perturbation on a given trial.  It would be fruitful for future investigations to directly 

examine how simultaneous perturbations to different feedback sources are reflected in 

M1 activity.  Particularly useful would be the comparison of goal and cursor jumps as 

they can be directly compared. In contrast, comparisons of visual perturbations with 

mechanical loads can be complicated as mechanical loads gradually displace the limb and 

visual stimuli that slide along a similar trajectory produce comparatively small M1 

responses (see Chapter 4).  

The simplest prediction for how M1 should respond to simultaneous goal and 

cursor jumps is that activity should scale with the difference vector generated by the 

simultaneous jumps.  For example, jumping the goal and cursor in the same direction by 

the same magnitude results in no change to the difference vector and thus activity in M1 

should also be unchanged. This theory implies that goal and cursor responses should 

linearly sum, however several studies have shown that neural circuits exhibit nonlinear 

summation of inputs including sub-additive and supra-additive responses (Morgan et al., 

2008; Stein et al., 2014; Cross et al., 2020). Furthermore, behavioural studies suggest the 

earliest corrective responses by humans to simultaneous goal and cursor perturbations do 

not exhibit properties consistent with a simple difference vector  (Franklin et al., 2016). 
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Thus, future investigations are needed to uncover how M1 may combine visual feedback 

from multiple different sources. 

6.7 Are proprioceptive and visual feedback of the limb optimally integrated? 

One open question is whether proprioceptive and visual feedback of the limb are 

optimally integrated by the motor system.  Bayesian statistics provides a normative 

theory for describing how an observer, such as the brain, may be able combine multiple 

redundant sources of sensory feedback (Knill and Pouget, 2004).  This theory predicts 

that the brain should inversely weight each source of feedback by their relative 

uncertainty such that more uncertain sensory feedback should have a smaller weight.  The 

resulting combined estimate is optimal in that the estimate has the lowest possible 

uncertainty given the uncertainty in the sensory feedback.   

 If the motor system is behaving optimally than the limb position should reflect a 

linear weighting of the position conveyed by proprioceptive and visual feedback.  In 

contrast, vision is the only available source of sensory information about the goal in our 

task. As a result, feedback responses for a cursor jump should be smaller than responses 

for a goal jump due to conflicting information from proprioceptive and cursor feedback 

(i.e. proprioceptive feedback does not signal error).  However, we found M1 and muscle 

activities for the cursor and goal jumps were fairly comparable in size with only a small 

reduction for the cursor-jump activity (~15% Chapter 4). This small reduction may be the 

result of optimal integration; however, it would suggest that the weights assigned to 

proprioceptive feedback are quite small.  This is inconsistent with our findings that 

proprioceptive feedback has a more potent influence on M1 and muscle activities than 

visual feedback when using a sliding cursor perturbation (Chapter 4).  Thus, this small 
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attenuation of the cursor-jump activity suggests a non-optimal integration of limb 

position.  

 One explanation is that proprioceptive and visual feedback may directly update a 

collection of state variables about the limb that may not completely overlap (partial 

integration model).  For example, velocity of the limb may be updated by both visual and 

proprioceptive feedback and optimally integrated together. However, there may be 

separate state variables for position, one associated with the cursor’s position that is 

updated through visual feedback only, and a separate state associated with the felt 

position of the hand that is updated through proprioceptive feedback only. By keeping the 

cursor position and the felt position as separate states there is little attenuation of the error 

on cursor-jump trials.  Thus, there is a common state estimate with some state variables 

that are updated by vision only, proprioception only, or by both modalities.  Importantly, 

this model differs from the independent-inputs hypothesis (Shadmehr and Krakauer, 

2008; Oostwoud Wijdenes and Medendorp, 2017; Chapter 4) as sensory feedback from 

one modality can indirectly update state variables that are observable exclusively by the 

other sensory modality through use of an internal model. For example, proprioceptive 

feedback may be used to update the estimate of the limb’s velocity which in turn can be 

used to update the cursor’s position on the next time step using a forward model.  Partial 

integration may explain why participants and monkeys ended their reach with the cursor 

at the goal and not the weighted average of the felt position and the cursor position. 

However, several studies have demonstrated that the motor system integrates 

proprioceptive and visual feedback into a single position estimate inconsistent with the 

partial integration model (Sober and Sabes, 2003, 2005).  One possible reason is that 
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these studies introduced only a small error between the felt position of the hand and the 

cursor position, whereas in our study we introduced large errors between the felt position 

and cursor position (2-8cm).  A similar conclusion was reached by Wei and Körding, 

(2008) when examining how participants adapt to cursor feedback.  They hypothesized 

that the motor system views small errors in cursor feedback as self-generated whereas 

larger errors are generated by the external environment.  Thus, it is possible that in 

environments where cursor errors are large the motor system keeps the felt and cursor 

positions separate whereas environments where cursor errors are small the motor system 

integrates cursor and hand positions. One experiment to determine this is by having 

participants reach to a goal in an environment where cursor shifts are small (e.g. 0-2cm; 

small-shift environment) and an environment where the cursor shifts are large (e.g. 2-

5cm; large shift environment).  The critical comparison will be between the same sized 

shifts in the two environments (i.e. 2cm shift). The prediction is that the corrective 

response for the 2cm shift should be smaller in the small-shift environment than the 

large-shift environment due to the attenuating effect of integrating proprioceptive 

feedback (see above). 

6.8 How is vestibular feedback used in motor control and integrated in motor 

cortex? 

 In this thesis, we focused primarily on how proprioceptive and visual feedback of 

the limb and goal are used for online control of the limb.  However, other sensory 

modalities can also influence online control including vestibular input from the otolith 

organs. Vestibular feedback provides information about active and passive whole-body 

movements (e.g. locomoting to a goal) which can alter the relationship between the limb 
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and goal such as walking towards a door handle. Electrical stimulation of the otolith 

organs can induce a perception that the participant is moving and participants will 

commonly lean forward or backwards to compensate for the percept (Fitzpatrick and 

Day, 2004). Vestibular stimulation during a reaching movement can also lead to changes 

in the limb trajectory (Bresciani et al., 2002, 2005; Keyser et al., 2017; Smith and 

Reynolds, 2017).  Interestingly, Keyser et al., (2017) showed that the deviations in the 

limb trajectory caused by vestibular stimulation were larger and more variable when 

participants were reaching for a wide goal than a narrow goal indicating the motor system 

also flexibly responds to vestibular feedback.  Vestibular feedback also impacts how 

participants respond to visual jumps of the goal (Oostwoud Wijdenes et al., 2019).  

Collectively, these results suggest vestibular feedback is processed by the same control 

policy as proprioceptive and visual feedback. This hypothesis then has two predictions 

related to this thesis: 1) responses to vestibular stimulation should also be influenced by 

environmental obstacles, 2) vestibular feedback should influence the same neurons in M1 

as proprioceptive and visual feedback.  

6.9 Role of intrinsic and extrinsic dynamics in M1 

Recent studies have suggested M1 dynamics during reaching are best described as 

an autonomous dynamical system under little influence from sensory feedback 

(Churchland et al., 2012; Pandarinath et al., 2018).  In this thesis we present several key 

findings that challenge this interpretation.  First, in Chapter 4 we demonstrated that 

sensory feedback influenced a large majority of recorded neurons in M1 with >70% 

responding to at least one of the perturbations.  The size of these responses was also 

substantial as they were comparable in magnitude to the activity used to initiate an 
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unperturbed movement to the goal. Thus, M1 receives broad sensory input and this 

sensory input has a potent influence on M1 processing.  

Second, in Chapter 5 we tested several key predictions about the autonomous 

dynamical systems hypothesis of M1.  The first prediction was that rotational dynamics 

should be absent in M1 for tasks that rely heavily on sensory processing such as 

correcting for mechanical loads.  In contrast, we found M1 dynamics still exhibited clear 

rotational dynamics following a mechanical load. The second prediction was that 

rotational dynamics should be absent in areas upstream of M1 including somatosensory 

and parietal cortices.  In contrast, we found rotational dynamics in each of these areas. 

Furthermore, we even found rotational dynamics in proxies for sensory feedback.  The 

last prediction was that networks without recurrent connections should lack rotational 

dynamics.  In contrast, we found networks lacking recurrent connections but having 

sensory feedback could still produce rotational dynamics.  Collectively, these findings 

indicate two things: 1) rotational dynamics emerge in networks performing feedback 

control and 2) sensory feedback and other brain areas could contribute to rotational 

dynamics in M1.   

Although these results indicate that recurrent connections are not needed for 

capturing the coarse population-level activity of M1, recurrent connections are still 

valuable for feedback control networks.  Note, when referring to recurrent connections 

we mean any set of neurons connected in closed loop with each other including within a 

cortical area as well as closed-loop circuits across areas (e.g. motor cortex to cerebellum 

loop). Recurrent connections allow a network to process information independently of 

sensory feedback (i.e. intrinsic processing) such as generating time-varying signals.  
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Optimal feedback controllers combine a state estimate of the limb (�̂�(t)) with time-

varying feedback gains (𝐿(𝑡)) to generate motor commands (for linear systems motor 

commands 𝑢(𝑡) = 𝐿(𝑡) ∙ �̂�(𝑡)).  These gains must be generated independent of the 

current sensory input and mathematically can be pre-computed offline before the 

movement (Liu and Todorov, 2007).  Behavioural studies also suggest the motor system 

is capable of setting feedback gains that are independent of sensory feedback (Liu and 

Todorov, 2007; Česonis and Franklin, 2020).  Dimitriou et al., (2013) had participants 

reach to a goal and probed cursor feedback responses at different points along the reach 

using the same cursor jump magnitude.  They found feedback responses increased during 

the reach until the middle where they peaked and declined in strength as the hand reached 

the goal similar to previous findings using an OFC controller (Liu and Todorov, 2007).  

Thus, the corrective responses differed with reach location despite the same visual error 

suggestive of time-varying feedback gains that are independent of sensory input.  

Memory is also important in feedback control networks particularly during state 

estimation.  Memory allows information about the past to persist in the network and 

influence the network’s output in the future.  In state estimation, kinematic errors are 

detected by comparing delayed sensory feedback with a memory of the internal limb 

estimate at the same delay as the sensory feedback (Izawa and Shadmehr, 2008; 

Crevecoeur et al., 2016). These errors are then combined with a memory of the motor 

commands to update the current estimate of the limb state (Crevecoeur and Körding, 

2017).  Thus, to perform accurate state estimation the motor system must be able to store 

past limb states and motor commands in memory which will require recurrent 

connections. Collectively, these arguments indicate that we should shift towards models 
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that incorporate both sensory inputs and intrinsic processing through recurrent 

connections for interpreting motor cortical dynamics. 

6.10 Conclusion 

 OFC is a recent theory of motor control that views the motor system as a feedback 

controller with sensory feedback playing a critical role.  Importantly, OFC predicts that 

sensory feedback should be flexibly integrated by the control policy and thus should 

exhibit sophistication comparable to voluntary control.  Here, we demonstrated that the 

motor system of humans and monkeys can flexibly integrate visual and proprioceptive 

feedback of the hand to exploit redundancies of the goal’s shape.  We also demonstrate 

that proprioceptive and visual feedback signals influence the same circuit in M1 with 

similar activity patterns which suggest that both modalities are influenced by the same 

control policy.  Lastly, we demonstrate how previously observed rotational dynamics 

during voluntary control in M1 are also present during feedback control.  Collectively, 

these results argue that the motor system is well described as a flexible feedback 

controller with M1 playing a critical role in generating flexible and integrated feedback 

responses.  
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Appendix A 

Neural recordings from M1 showing responses to sensory feedback are 

sensitive to goal redundancy  
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Monkeys were trained to reach to either a narrow goal or a wide spatial goal as described 

in Chapter 3.  Here, we present the recordings from M1 while monkeys performed this 

task.   

Cursor-jump variant of task. 

 Figures A.1A and B show the population-level change in activity caused by the 

cursor jump for reaches to the narrow (blue) and wide (red) goals.  Activity on 

unperturbed trials has been subtracted off.   For Monkeys M|A, there is a large increase in 

activity for the narrow goal reaches that starts to emerge 74|81ms after the cursor jump.  

In contrast, for the wide goal reaches the evoked activity is considerably smaller and 

emerges later at 106|144ms after the cursor jump. Activity differentiated based on goal 

shape starting at 94|117ms (Figure A.1C, D).  Similar timings were found when 

examining individual neuron onsets (Figure A.1E, F).       

 Next, we compared each neuron’s absolute activities for the narrow and wide 

goals in epochs of 70-100ms, 100-125ms, 125-150ms, and 170-230ms (Figure A.2).  For 

each jump-sensitive neuron, we applied a two-way ANOVA with goal shape and epoch as 

factors.  For Monkey M|A, we found zero neurons with a significant main effect of goal 

shape, however 70/74% of neurons had a significant interaction effect between goal 

shape and epoch (p<0.05, Bonferroni correction factor 2).  Post-hoc tests indicated that 

14|17%, 37|26%, 65|31% and 58|68% of neurons had significantly different activities for 

the narrow and wide goals in the 70-100ms, 100-125ms, 125-150ms, and 170-230ms 

epochs, respectively (Figure A.2 filled circles).  

Across epochs, most neurons with significant differences between goal shapes had 

greater absolute activities for the narrow goal than the wide goal (filled black circles 
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below unity line).  A similar trend can also be observed across all recorded neurons (open 

grey circles). On average for Monkey M/A, the activity for the wide goal was 11|28%, 

60|42%, 57|54% and 56|63% smaller than the activity for the narrow goal in the 70-

100ms, 100-125ms, 125-150ms, and 170-230ms epochs, respectively. In both monkeys 

we did not find significant differences in the trial-averaged neural activity in the 70-

100ms (Monkey M|A, paired t-tests: t(41)=1.9|t(42)=1.6, p=0.24|p=0.49).  Instead, we 

found significant differences in the 100-125ms (t(41)=3.2|t(42)=6.4, p<0.001| p<0.001), 

125-150ms (t(41)=5.3|t(42)=8.3, p<0.001|p<0.001) and 170-230ms epochs 

(t(41)=6.4|t(42)=6.9 p<0.001|p<0.001). 

 

Mechanical-load variant of task 

Figures A.3A and B show the population-level change in activity caused by the 

mechanical loads for reaches to the narrow and wide goals.  For Monkeys M|A, there is a 

large increase in activity for the narrow and wide goal reaches that starts to emerge 

58|35ms and 58|54ms after the load, respectively. However, reaches for the narrow goal 

evoked a greater change in activity. Activity differentiated based on goal shape starting 

66|94ms after the load (Figure A.3C, D).  Similar timings were found when examining 

individual neuron onsets (Figure A.3E, F).       

 Next, we compared each neuron’s absolute activities for the narrow and wide 

goals in epochs of 20-50ms, 50-75ms, 75-100ms, and 120-180ms (Figure A.4).  For each 

jump-sensitive neuron, we applied a two-way ANOVA with goal shape and epoch as 

factors.  For Monkey M|A, we found zero neurons with a significant main effect of goal 

shape, however 16/24% of neurons had a significant interaction effect between goal 
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shape and epoch (p<0.05, Bonferroni correction factor 2).  Post-hoc tests indicated that 

1|4%, 2|5%, 3|6% and 3|8% of neurons had significantly different activities for the 

narrow and wide goals in the 20-50ms, 50-75ms, 75-100ms, and 120-180ms epochs, 

respectively (Figure A.4 filled circles).  

Across epochs, most neurons had greater absolute activities for the narrow goal 

than the wide goal. On average for Monkey M/A, the activity for the wide goal was -

4|7%, -3|5%, 19|11% and 14|21% smaller than the activity for the narrow goal in the 20-

50ms, 50-75ms, 75-100ms, and 120-180ms epochs, respectively. In both monkeys we did 

not find significant differences in the trial-averaged neural activity in the 20-50ms 

(Monkey M|A, paired t-tests: t(353)=1.1| t(313)=1.8 p=0.3|p=0.07) and 50-75ms epochs 

(t(353)=0.7| t(313)=1.0 p=0.5|p=0.3).  Instead, we found significant differences in the 75-

100ms (t(353)=6.4| t(313)=2.8 p<0.001|p=0.005) and 120-180ms epochs (t(353)=6.7| 

t(313)=8.1 p<0.001|p<0.001). 
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Figure A.1  Population activities related to the cursor jumps.   

A) The absolute change in activity across the population of neurons in response to a 

cursor jump for reaches to the narrow and wide goals. Blue and red arrows denote when a 

significant increase in activity from baseline (100ms before cursor jump) started for the 

narrow and wide goal reaches, respectively.  B) Same as A) for Monkey A.  C) The 

difference signal between the population activities for the narrow and wide goals.  Arrow 

denotes when a significant change in activity started (i.e. differentiated based on goal 

shape, running paired t-test). D) Same as C) for Monkey A. E) Individual neuron onsets 

for the narrow and wide goals and when activity differentiated based on goal shape 

(black) presented as a cumulative sum. F) Same as E) for Monkey A. 
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Figure A.2  Comparing cursor-jump activity for the narrow and wide goal at the 

single neuron level.  

A) Comparison between the absolute change in cursor-jump activities for the narrow and 

wide goals in the 70-100ms epoch. Yellow diamond and bars denote the mean and 

standard deviation.  Filled circles denote neurons that had significantly different activities 

for the narrow and wide goals. B-D) same as A) except for the 100-125ms (B), 125-

150ms (C) and 170-230ms (D) epochs. E-H) Same as A-D) except for Monkey A. 

 

  



 

266 

 

 
Figure A.3  Population activities related to the mechanical perturbations.   

A) The absolute change in activity across the population of neurons in response to a 

mechanical perturbation for reaches to the narrow and wide goals. Blue and red arrows 

denote when a significant increase in activity from baseline (100ms before perturbation 

onset) started for the narrow and wide goal reaches, respectively.  B) Same as A) for 

Monkey A.  C) The difference signal between the population activities for the narrow and 

wide goals.  Arrow denotes when a significant difference in activity started (i.e. 

differentiated based on goal shape, running paired t-test). D) Same as C) for Monkey A. 

E) Individual neuron onsets for the narrow and wide goals and when activity 

differentiated based on goal shape (black) presented as a cumulative sum. F) Same as E) 

for Monkey A. 
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Figure A.4  Comparing mechanical perturbation activity for the narrow and wide 

goals at the single neuron level.  

A) Comparison between the absolute change in perturbation activities for the narrow and 

wide goals in the 20-50ms epoch for Monkeys M (top) and A (bottom). Yellow diamond 

and bars denote the mean and standard deviation.  Filled circles denote neurons that had 

significantly different activities for the narrow and wide goals. B-D) same as A) except 

for the 50-75ms (B), 75-100ms (C) and 120-180ms (D) epochs. E) Cumulative sum of the 

difference in perturbation activities for the narrow and wide goals in each epoch.  Note 

the rightward shift in the 75-100ms and 120-180ms indicating greater activities for the 

narrow goal. F-J) Same as A-E) for Monkey A. 


