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ABSTRACT 

When realizing a motor goal, actors have access to a large number of redundant 

action possibilities from which a particular movement must be selected. Comfort has 

been shown to play an important role in the selection of particular actions and may be 

important for resolving the redundancy problem. To understand the relationship between 

comfort and motor redundancy, I asked subjects to perform a novel motor control task 

involving coordinated arm movements. Using a full-body motion capture system, the 

angles of six arm joints were mapped onto the position of a cursor in a 2D virtual 

environment. Subjects moved the cursor between four targets by adopting different arm 

postures. The mapping between arm posture and cursor position was redundant and 

unintuitive, presenting a novel redundancy problem to be resolved. Over practice, 

subjects constrained movements to a subset of motor solutions consistent with more 

comfortable body postures. A reduction in the overall complexity of movements, and an 

increase in the similarity between postures adopted was also observed. Taken together, 

these findings suggest that the comfort of particular motor solutions is important for 

constraining the set of redundant actions, as well as improving motor performance in a 

novel motor task. 
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1. INTRODUCTION 

 A central question in the study of motor control is how the many independent 

components of the motor system are organized to produce predictable, reliable, and 

effective movements in the world. Coordination of the motor system is a complex task, 

and one of the primary responsibilities of the central nervous system (CNS) is ensuring 

that the actions of the body (nerve signals, muscle forces, joint rotations) relate to 

movement through the world in a meaningful way. A core issue with determining the 

appropriate relationship between the degrees of freedom (DOF) of the body and the 

environment is that there are often more DOF being controlled by the CNS than are 

needed to satisfy the constraints of the task being performed. Often there is no one-to-one 

relationship between the motor DOF of the body and the constraints of the actions 

performed in the world. Instead, whenever there are more motor DOF than required by 

the constraints of the task, the CNS is faced with a redundant set of solutions that can all 

(potentially) be a viable motor solution. 

 Motor redundancy, therefore, presents a potential problem to the CNS by making 

it impossible for a desired task to specify a single unique configuration of the motor 

system that will achieve that goal (Bernstein, 1967). If there are an infinite number of 

potentially successful action possibilities present, it is not clear how the CNS should go 

about selecting a particular solution at any point in time. In the presence of motor 

redundancy, there is no single appropriate means of coordinating the motor DOF to 

achieve a desired goal, and thus the process of learning and performing actions appears 

complicated by redundancy. However, humans are very obviously capable of performing 

actions and movements with a great deal of precision, and what is more we can achieve 
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these precise results over many repeated attempts. Successfully reaching for a cup of 

coffee the table in front of you is rarely a gamble. How then do we achieve this level of 

performance in the face of complicating motor redundancy? 

One answer is that the CNS is an expert at resolving the problem of redundancy and 

simplifying the computations necessary for coordinating motor DOF. A number of 

theories have been proposed concerning how the degrees of freedom problem is resolved 

by the CNS, and this question remains one of the core issues in motor control research 

(Rosenbaum, 2010; Turvey, 1990). Typically, such theories postulate some means by 

which the CNS reduces the number of DOF that need to be controlled, thus effectively 

eliminating redundancy and its effects. Bernstein, for example, originally hypothesized 

that an individual learning to perform a new motor action would start by freezing extra 

DOF such that the number of controlled DOF matched the constraints of the task 

(Bernstein, 1967). This produces a single, unique motor solution to a desired task goal 

that is prescribed by the goal itself. Ultimately, an actor could reintroduce extra DOF as 

expertise is achieved as a means of satisfying secondary constraints and exploring 

alternative means of achieving the goal. 

 A more recent interpretation of Bernstein’s hypothesis suggests that the CNS 

resolves the redundancy problem by shifting control from the mechanical components of 

the body to order parameters of a dynamical system specified by the body, the 

environment, and the task being performed (Newell & Vaillancourt, 2001). Because it is 

often the case that the number of collective variables governing the behavior of a 

dynamical system is lower that the number of constituent components involved, the 

number of DOF being actively being controlled by the CNS is reduced, resolving the 
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redundancy problem (Mitra, Amazeen, & Turvey, 1998; Vereijken, Van Emmerik, 

Bongaardt, Beek, & Newell, 1997). While a reduction in the number active DOF is not 

always guaranteed under this framework, this dynamical perspective offloads some of the 

work needed to coordinate the motor system from the CNS to the actor-environment 

system. The dynamics, in this case, prescribe the necessary coordination of motor DOF. 

 It has also been suggested that the CNS may use secondary constraints to reduce 

the space of redundant motor solutions to a more manageable size (Rosenbaum, van 

Heugten, & Caldwell, 1996). For example, a sizable body of research on motor planning 

suggests that the execution of actions and movements are organized to preserve certain 

desirable movement characteristics that are defined by the geometric properties of the 

environment. When executing reaching movements in a planar environment (such as 

across a table top), people tend to move their hand in a straight lines to the target, even 

when a curved movement might be more energetically efficient or easier to perform 

(Flanagan & Rao, 1995; Mosier, 2005; Shadmehr & Mussa-Ivaldi, 1994). 

 The biomechanics of the body itself may also impose limitations on how an action 

is performed, reducing the number of redundant solutions available to actors 

(Rosenbaum, Meulenbroek, Vaughan, & Jansen, 2001; Rosenbaum, Vaughan, Barnes, & 

Jorgensen, 1992). Principles from optimal control theory have been used to demonstrate 

how secondary constraints could act as cost functions, allowing the CNS to converge 

onto a reduced set of solutions that optimally satisfy all primary and secondary 

goals(Diedrichsen, Shadmehr, & Ivry, 2010; Todorov, 2004; Todorov & Jordan, 2002). 

 Whether eliminating redundancy through optimization, by changing the 

controlled dimensions of movement, or actively freezing mechanical DOF, redundancy is 
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typically framed as a source of computational difficulty in motor control research. This 

leads to a perspective that the CNS is an expert at resolving the redundancy problem and 

that an actor’s best performance should occur when redundancy has been maximally 

restricted or eliminated. An alterative view is that motor redundancy is not a problem for 

the CNS, but rather a powerful adaptation that is exploited to improve motor performance 

(Latash, Scholz, & Schöner, 2007).  Redundancy provides access to a multitude of 

successful action possibilities, offering a chance for flexibility and stability beyond the 

capabilities of a non-redundant system, so long as the motor system is properly 

coordinated. Rather than minimizing redundancy, motor coordination can be developed 

with respect to the family of equivalent solutions made available by redundant DOF, 

thereby exploiting the abundance of motor solutions in order to improve motor 

performance (Gelfand & Latash, 1998). This strategic exploitation of redundancy has 

been shown to afford stability against neuro-motor noise, and flexibility in action 

selection beyond the capabilities of a non-redundant system.  

1.1 Exploiting Redundant Degrees-of-Freedom 

1.1.1 Stability 

The advantages presented by a redundant motor system have been studied extensively 

in terms of performance stability. Because a redundant motor system has access to an 

infinite number of equivalent solutions to a motor task, it is possible for the execution of 

an action to vary without varying its outcome. This provides an avenue for error in the 

motor system that does not translate to error in performance, so long as changes in 

individual DOF are well coordinated. The concept of functional motor synergies has been 

used to describe the coordination amongst motor DOF that exploits the presence of motor 
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redundancy to contain any noise or error within the set of equivalent, redundant, solutions 

(Latash, 2008; 2010; Latash et al., 2007). A widely used method for studying how the 

CNS exploits motor redundancy for stability is the uncontrolled manifold (UCM) 

approach (Scholz & Schöner, 1999). The UCM approach formalizes the set of equivalent 

solutions as a multidimensional surface, or manifold, that exists within the space defined 

by the DOF involved in a movement or action. Variability within the motor system can 

be decomposed into those components that are contained within this manifold and those 

that are not. The degree to which redundancy is used to stabilize a particular performance 

variable can then be measured by the difference between the variability parallel to the 

UCM and the variability perpendicular to the UCM. The more variability contained with 

the UCM, the less error there will be in the outcome of an action, thus stabilizing 

performance.  

The UCM approach has been used to demonstrate the exploitation of motor 

redundancy to stabilize performance in a number of studies that used common, well 

practiced, tasks. Over the course of repeated executions, subjects have shown a tendency 

to increase variability contained within the UCM, relative to variability outside the UCM, 

for movements such as standing (Scholz & Schöner, 1999; Scholz, Reisman, & Schöner, 

2001), aiming (Scholz, Schöner, & Latash, 2000), pointing (Tseng, Scholz, Schöner, & 

Hotchkiss, 2003), and multi-finger force production (Scholz, Danion, Latash, & 

SchoÈner, 2002; Scholz, Kang, Patterson, & Latash, 2003). This relative increase 

suggests that, over the course of practice, the motor system selectively facilitates co-

variation among DOF that exploits redundant solutions in order to reduce the effects of 

error and noise (Latash, Scholz, & Schöner, 2002). 
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 While the UCM approach derives from the assumption that all redundant 

solutions will ideally yield the same action outcome, differences in the shape and 

topography of the solution manifold can affect how tolerant to error certain sets of 

solutions are. Certain regions of the solution manifold may cover a broader diversity of 

unique solutions, permitting greater variability in the execution of an action. A recent 

study by Sternad and Abe (2011) used a popular British pub game (called “Skittles”) to 

investigate how sensitive actors were to the topography of the manifold of equivalent 

solutions. The game had a redundant set of solutions associated with the two controlled 

DOF and particular regions of the solution manifold were more tolerant to variability 

than others. As subjects practiced and learned the task, they demonstrated sensitivity to, 

and a preference for, regions of the solution manifold that had a broader range of 

solutions and thus afforded greater tolerance to execution error.  

Interestingly, this finding did not preclude facilitative co-variation amongst controlled 

DOF predicted by proponents of the UCM approach, but rather the researchers found that 

subjects utilized tolerant regions of the solution manifold in addition to synergistic co-

variation of the controlled DOF. However, subjects tended to find regions of the solution 

manifold that maximized tolerance early in learning, and would subsequently co-vary the 

DOF of the task as they become more proficient, distributing variability along that 

particular region of the manifold. Importantly, this study demonstrates that actors tend to 

exploit redundancy very early in the course of learning to perform an action, although 

this exploitation may not immediately take the form of functional co-variation. 

Redundancy in the motor system provides actors with a range of solutions to a given task, 

from which they are able to find the most successful subset.  
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The study by Sternad and Abe also suggests that motor redundancy allows actors to 

flexibly shift the execution of an action in order to satisfy additional constraints beyond 

the explicit performance variables. While secondary constraints on the motor system have 

been studied in terms of how they might reduce the problem of motor redundancy, it is 

important to note that the ability to satisfy secondary constraints is only possible when 

the motor system is redundant with respect to the primary task. Considering again the 

case of keeping your hand at a fixed location and orientation while still moving your 

elbow, this maneuver can come in very handy if you need to open a door with your arm 

while holding a cup of coffee. However, without a redundant arm there would be no way 

to turn the door handle without upending the mug. The flexibility provided by motor 

redundancy is important not just because it provides stabilizing mechanisms in a noisy 

motor system, but also because it allows actors to adapt performance on a case by case 

basis to satisfy all the demands imposed by the environment, not just those at the 

immediate center of the task. 

1.1.2 Comfort and Effort 

One highly relevant constraint for human actors is the biomechanical structure of the 

body and the physical costs related motor actuation. The realities of moving a body 

through a world full of external forces means that the CNS must take into account 

important factors relating to the body’s structure, such as comfort and effort, when 

performing an action. A number of studies have shown a strong and persistent effect of 

comfort on movement planning when subjects are asked to move an arm to a target 

location and orientation quickly and accurately (Rosenbaum et al., 1992; Short & 

Cauraugh, 1997). When asked to grip an object that they would eventually need to rotate 
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and position, subjects tended to use initial gripping postures that were less comfortable in 

order to maximize comfort at the end of the move. 

A recent study by Solnik et al. (2013) explored the relationship between end-state 

comfort and performance stability by comparing the UCM stability analysis to the 

comfort of arm postures adopted by actors in a targeted reaching task. Surprisingly, they 

found that although performance variability tended to be distributed along the UCM, 

more comfortable posture demonstrated less stabilizing co-variation (i.e., less variability 

contained within the UCM) than less comfortable postures. This contradicted initial 

predictions that the stability associated with comfortable postures stemmed from a greater 

degree of stabilizing co-variation. (Rosenbaum, Chapman, Weigelt, Weiss, & van der 

Wel, 2012). The proposed explanation for these findings was that subjects were 

exploiting redundancy at uncomfortable postures to search more comfortable options. 

Interestingly, this is not the first study that has failed to find facilitation of stabilizing co-

variation where predicted in movements involving the arms (Domkin, Laczko, 

Djupsjöbacka, Jaric, & Latash, 2005; Domkin, Laczko, Jaric, Johansson, & Latash, 

2001). 

These violations of explicit UCM predictions suggests that for certain classes of 

actions, facilitating performance stability through co-variation may not be the only role 

for redundancy. When comfort and effort constitute relevant constraints on action, actors 

appear to exploit the flexibility afforded by redundancy to select subsets of motor 

solutions that are easier to realize or more comfortable to maintain. Postural comfort 

depends on biomechanical factors, such as extremity of joint excursion and the 

contractile effort of the muscles, which in turn depend on the external forces like inertia 
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and gravity that act on the body. In actions that involve significantly massive body parts 

(arms, legs, torso, etc.) these forces are exaggerated, and the comfort and effort 

associated with an action becomes more relevant. If exploiting the inherent flexibility 

afforded by a redundant motor system for comfort is part and parcel of coordination, this 

effect will be more evident in actions involving large movements and may mask or 

compete with stabilizing co-variation. 

1.2 Redundancy and Biomechanical Constraints 

Although there is evidence that comfort and effort play an important role in the 

coordination of actions, especially when the biomechanics of the body are highly 

relevant, there is little research directly investigating how redundancy is exploited when 

comfort and effort constitute relevant constraints on action. The sensitivity to comfort 

and effort that actors show when planning large body movements suggests that the 

biomechanics of relevant motor components (such as mass, inertia, gravitational 

opposition) may heavily influence how redundancy is used and should be considered 

when trying to understand the role redundancy plays in motor coordination. This is 

especially important when we consider the evidence from Sternad and Abe that 

improvements in motor performance depend not only on the capacity for co-variation, but 

also on the flexibility to find desirable subsets of motor solutions that provide advantages 

over others. While Sternad and Abe showed that certain sets of solutions may be 

preferable with reference to the definition of the task, comfort and effort may be signals 

for subsets of solutions that are preferable with reference to the physical capabilities of 

the actor’s body. In other words, comfort may be a signal for solutions to motor tasks that 
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are inherently more tolerant to error or more reliably replicable, independent of co-

variation between motor components. 

To understand how the biomechanical factors of the body affect how redundancy is 

used, I investigated how actors exploit redundancy when learning a novel motor task 

involving large body movements. Specifically, I asked if and how subjects would learn to 

use motor redundancy, and whether redundancy would be exploited to stabilize 

performance through co-variation or to find some desirable subset of motor solutions. 

Such seeking of a desirable subset may be a critical part of motor coordination, but 

previous studies of redundancy rely on well-learned movements where the best subset of 

solutions may already be found, causing the influence of body mechanics to be 

overlooked. If motor redundancy is exploited to satisfy biomechanical constraints, such 

as comfort or effort, then the distribution of motor variability predicted by stabilizing co-

variation of motor DOF may be accompanied, or even obfuscated, by an exploration and 

preference for particular, comfortable subsets of motor solutions. 

 Typically, studies of motor redundancy rely on well-practiced motor tasks, but 

this limits a complete understanding of how coordination in a redundant motor system is 

developed (Newell & Vaillancourt, 2001). Additionally, if subjects are familiar with 

aspects the motor task, practice may only serve to reinforce previous strategies for 

exploiting redundancy. I therefore employed a paradigm in which previously independent 

motor DOF must be coordinated to control a cursor in a virtual environment, creating a 

novel and redundant motor control problem (Mosier, 2005).  

This paradigm was recently used to study the effects of transport cost on motor 

coordination by mapping the joint angles of a subject’s hand on to the control of a cursors 



	
   	
   	
  

	
  

11	
  

position on a computer screen (Ranganathan, Adewuyi, & Mussa-Ivaldi, 2013). I adapted 

this paradigm by mapping three joint angles from both arms of the subject (a total of 6 

DOF) onto the position of a cursor through a non-intuitive linear transformation. Subjects 

were required to coordinate a completely novel set of arm movements to guide the cursor 

to virtually presented targets, forcing them to learn how to co-vary their motor DOF and 

resolve, or exploit, motor redundancy. Because the arms are relatively massive parts of 

the body, this task also required subjects to take into account biomechanical constraints, 

like comfort and effort, as they coordinated their movements. 

 Because this paradigm presents subjects with a completely novel motor task, there 

was an opportunity to observe the factors that influence redundancy exploitation early in 

learning. If the primary goal for subjects is to stabilize performance, then over the course 

of practice we should expect to see a steady shift in motor variability from those 

dimensions of movement perpendicular to the UCM to those that are parallel to the 

UCM. This increase in variability within the UCM produces general variance in 

particular arm configurations independent of variability in cursor location. If, however, 

subjects are simultaneously exploiting motor redundancy to increase comfort, variability 

in arm configurations overall (within and external to the UCM) may actually decrease as 

subjects center performance on the most desirable subset of arm postures. 
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2. METHODS 

2.1 Participants 

 Eight participants (N = 8) consisting of 5 men and 3 women participated in this 

study in exchange for extra credit. All participants were undergraduates at Rensselaer 

Polytechnic Institute. Mean age of participants was 19 years. The protocol was approved 

by the Institutional Review Board at Rensselaer Polytechnic Institute, and participants 

provided informed consent prior to the experiment. 

2.2 Setup and Equipment  

 The experiment utilized a 14-camera Vicon motion capture system running Vicon 

Nexus software. The cameras tracked the positions of 19 retro-reflective markers attached 

to a tight fitting spandex shirt worn by subjects. These markers were placed according to 

a biomechanical model of the upper body. Marker position was captured by the motion 

capture system in real time at a rate of 120 frames per second. 

 Marker positions were used to recover the following three joint angles from both 

the left and right arms: shoulder abduction/adduction, shoulder transverse 

abduction/adduction, and elbow flexion/extension. These joint angles were collected into 

a 6  ×  1 input vector (𝜃). Following the methodology outlined by Ranganathan et al. 

(2013), joint angles in the input vector were linearly mapped on to the X and Y screen 

coordinates of a computer monitor (the task screen) via Equation 1.  

𝑐 = 𝑨   ∙   𝜃 +   𝑐!	
  𝑐!
𝑐! =   

𝑎!,! 𝑎!,! …
𝑎!,! 𝑎!,! …      

𝑎!,!
𝑎!,!    ⋅    𝜃! 𝜃! … 𝜃!       ! +   

𝑐!,!
𝑐!,! 	
  

(1)	
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𝑐 is the two-dimensional vector of screen coordinates, 𝑐! is the vector representing 

the center of the task screen, and 𝑨 is a mapping matrix calculated for each subject using 

the calibration procedure described in the Calibration section below. Each unique body 

posture (i.e., collection of joint angles) corresponds to a particular location on the task 

screen. However, a particular screen coordinate can be achieved through a number of 

different unique postures. This many-to-few mapping is a result of the difference in 

dimensions between the input vector 𝜃 (6-dimensional) and coordinates of the screen (2-

dimensional). Thus, specifying a particular location on the task screen is a redundant 

problem with an infinite number of possible solutions. 

 During the experiment, a cursor was presented at the screen coordinate specified 

by subjects’ arm joint angles, and subjects were required to use joint rotations to move 

the cursor on the task screen. The linear mapping between arm movements and cursor 

position ensures smooth, continuous cursor movement following directly from rotations 

about the specified arm joints. Using Vizard 3.0 Virtual Reality Software Toolkit, a 

virtual task environment was presented on to subjects on the task screen. This task 

environment was a 5  ×  5 grid field (reproduced in Figure 2.1a), and the cursor was 

presented as a red circle superimposed on top of this grid. Joint angle data collected by 

the Vicon motion capture system were down sampled by Vizard to 60 frames per second. 

This down sampling reduces the influence of noise and artifacts picked up by the motion 

capture system, as well as ensures that the data stream from Vicon is synchronized with 

the update of the virtual environment (also 60 frames per second).  

2.3 Procedures 

2.3.1 Calibration  
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Prior to the experiment, subjects had the movements of their arms analyzed to 

produce a unique mapping matrix, 𝑨, in order to linearly transform joint rotations into 

screen coordinates. The mapping matrix was derived from a representative sample of 

typical arm movements captured during a calibration phase prior to the task. Subjects 

were asked to make a continuous series of diverse arm movements and were encouraged 

to explore as much of the range of joint movement as possible. Joint angle were recorded 

during this process and collected into a calibration vector. 

 A visual representation of the amount of joint excursion for each joint was 

provided to encourage subjects to explore their full range of motion. This visual 

representation was presented as a bar (one for each joint) whose height was specified by 

the standard deviation of the excursion for the corresponding joint, scaled by a constant. 

Because standard deviation is sensitive to the mean of the sample, subjects needed to 

keep moving their arms in order to continually increase the height of each bar. While 

subjects were encouraged to explore their whole range of motion, they were instructed to 

avoid excessively visiting extreme joint angles, as this could produce a mapping with 

untenable solutions for target locations. 

 Over approximately 90 seconds, 5000 data points were gathered as subjects 

moved their arms continuously. These data were collected into the calibration matrix and 

the first two principal components (PCs) were extracted using the covariance of the data 

(Daffertshofer, Lamoth, Meijer, & Beek, 2004). These two PCs were rescaled by the 

square root of their eigenvalues (to ensure the same amount of control was available in 

both x and y directions) and concatenated to form the mapping matrix 𝑨. Simply put, the 

first PC mapped arm movements to the X component of screen coordinates and the 
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second PC mapped arm movements to the Y component. By using PCs to build the 

mapping matrix, each joint in the arms contributed to both the X and Y components of 

cursor movements. Therefore, subjects needed to coordinate joint action in order to 

produce meaningful movement. Following Ranganathan et al. (2013), I set the central 

screen coordinate (the offset), 𝑐!, such that the average posture adopted during the 

calibration phase would map to 𝑐!. 

2.3.2 Task 

Subjects participated in two, one-hour sessions over two consecutive days (Figure 

2.1b). Sessions were divided into 8 blocks of 60 trials each. On each trial, subjects were 

presented with one of four targets that corresponded to either the center, center-bottom, 

Figure 2.1. Task Representation. (A) Reproduction of task environment presented to subjects. Four 
targets were presented pseudo-randomly, shown here in green. A red cursor was superimposed on top 
of this grid and subjects were instructed to move the cursor to the targets. Cursor movements were 
constrained to the boundaries of the grid. (B) Organization of experimental blocks and trials. Blocks 
were divided across two sessions on consecutive days. 
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upper-left, or upper-right squares of the grid. Targets were presented in green and turned 

yellow once they were successfully acquired. Target squares would turn red on a miss. 

Targets were presented pseudo-randomly, with the center target presented 24 times and 

each of the peripheral targets presented 12 times. This presentation scheme was designed 

to ensure that the center target was visited twice as often as each of the three peripheral 

targets, as the center target was the focus of our analyses. Subjects were allowed to rest 

between blocks in order to avoid fatigue. 

 On the first day, subjects were given a short warm-up prior to the main task in 

which they were asked to move the cursor to each square in the target grid-field. This was 

to ensure that the entire task space was reachable and to give participants an idea of what 

the main task entailed. Subjects then completed the main target-acquisition task at their 

own pace. 

 Following familiarization, subjects were instructed that they needed to acquire the 

presented target by using arm movements to guide the cursor to the center of the target. 

They were instructed to keep their movements as direct and continuous as possible, and 

told that they needed to acquire each target within two seconds of their initial move. This 

time pressure served to motivate subjects to make direct, continuous movements from 

their start position to the target, and to discourage strategies that relied entirely on 

feedback control of the cursor. A shrinking bar at the top of the screen denoted the time 

remaining. The timer began only after subjects began moving their arms, allowing them 

to plan their movements before each trial. If subjects acquired the target before the time 

limit expired, a hit was logged. If they did not acquire the target in the allotted time, a 
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miss was logged. Subjects were required to move the cursor into the target in order to 

advance to the next trial, even if they missed the target with their initial move. 

 In addition to the time limit, subjects were given feedback about the success of 

their move in the form of a trial score. This score was calculated based on their distance 

from the center of the target at the end of their move and the time it took them to reach 

the goal. Scores were presented on a trial-by-trial basis and served only as a motivator. 

2.4 Data Analysis 

 For the purposes of the following analyses, unless otherwise noted I consider only 

the movements made to the center target. The center target is the focus of these analyses 

because it represents a common point between the peripheral targets, and it is situated at 

the middle range of all arm joint angles. Experimental sessions were divided into early 

(blocks 1-4) and late (blocks 5-8) practice stages to make analysis of body variability and 

posture classification more robust. 

 All statistical analyses were conducted using R. Main effects were found with 

repeated-measures ANOVA, with the learning phase as the within-subjects factor. 

Mauchly’s test was used to check for sphericity violations, and Greenhouse-Geiser 

corrections for sphericity violations were used to adjust the degrees of freedom where 

necessary. In order to test for learning, planned comparisons between consecutive means 

were computed using two-tailed t-tests with Holm-Bonferroni corrections for multiple 

comparisons. Significant differences were defined as p < .05 for all tests. Error bars are 

standard error of the mean, and variability ellipses are 95% confidence intervals (CI). 

2.4.1 Endpoint Error 
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The primary task goal in this experiment was placing a small cursor as close to the 

center of a presented target within a two-second time limit. Performing this task required 

learning to coordinate redundant joint rotations in relation to this goal. Endpoint error of 

the cursor (Euclidean distance between cursor and target center) after subjects attempted 

a move was the primary measure of how well subjects could perform the task, and how 

their performance improved with practice. Endpoint error was calculated as the Euclidean 

distance between the end position of the cursor and the center of the target. The endpoint 

of the movement was defined as the point when each of the joint angles being measured 

changed by less than 1.0 degree over the course of ten consecutive measurements 

(approximately 0.2 seconds) (Ranganathan et al., 2013). If the endpoint occurred after the 

completion of the 2-second time limit, the cursor position and body posture at the 2-

second limit was used instead (i.e., no move could be longer than 2 seconds for the 

purposes of determining endpoint error). 

2.4.2 Variability in Body Posture at Center Target 

 The distribution of body variability over the course of repeated actions is considered 

the primary indicator of the presence of functional synergies and exploitation of motor 

redundancy under the UCM methodology (Latash et al., 2002). To determine if people 

were learning to exploit available redundancy to stabilize performance over the course of 

this task, I employed an analysis of body variability equivalent to the UCM approach. 

𝜃!"#$ = 𝑨! ⋅ 𝑨   𝜃	
   (2a)	
  

𝜃!"## = 𝐼! − 𝑨! ⋅ 𝑨   𝜃	
   (2b)	
  

𝜃 = 𝜃!"#$ + 𝜃!"## 	
   (2c)	
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The UCM approach relies on the linearized Jacobian matrix that transforms changes in 

elemental variables to changes in the task (Scholz & Schöner, 1999).  

 Under this experimental paradigm, the transformation matrix, A, is functionally 

equivalent to the linearized Jacobian, so we can parse subject arm movements into those 

components that contribute to changes in the task and those that are do not (Mosier, 

2005). I call the space containing task-relevant components of subject movement the 

“task-space” and the space that contains the task-equivalent components of subject 

movements the “null-space”. Equations 2a and 2b show how the subdivision of 

movements into task- and null-space (respectively) is achieved.  

𝑨! is the Moore-Penrose pseudo inverse of the transformation matrix 𝑨, and 𝐼! is the 

6  ×  6 identity matrix. The null-space components of subjects’ joint angles are captured 

by 𝜃!"##, and the task space components are captured by 𝜃!"#$. 

 The amount of movement variability distributed within the null-space is 

equivalent to the amount of variability parallel to the UCM, and thus the comparison of 

null-space variability to task-space variability can be used to measure the incidence of 

redundancy exploitation in subjects as they learn. Accordingly, under the UCM 

hypothesis an increase in variability contained within the null-space should indicate the 

facilitation of a functional synergy. Because the null-space and task-space have different 

dimensions, I normalized the magnitude of variability by the number of dimension 

(Scholz & Schöner, 1999). 

2.4.3 Principal Components Analysis 

Closely related to redundancy is the overall complexity of the movements executed 

by subjects. With six independent DOF determining performance in this task, there 
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existed six orthogonal dimensions (each a weighted linear combination of the body DOF) 

along which subjects could vary their joint angles. Only two of these dimensions actually 

affected the position of the cursor. To understand how the complexity of task control 

changed over the course of practice and the degree to which subjects explored the null-

space, I analyzed how variability was accounted for by the principle components of 

subject arm movements in the early and late phase of each session. Higher order principle 

components (PCs), such as the first and second PC, can explain a large amount of the 

variability in movement data, and thus capture the primary dimensions of subjects’ 

control strategies (Daffertshofer et al., 2004).  

 It is also possible through principle component analysis (PCA) to observe the 

degree of dimensional reduction that occurs over learning (Newell & Vaillancourt, 2001). 

A control strategy that exploits redundancy should have a larger dimensionality than the 

task being performed, as subjects will vary behavior along redundant dimensions to reach 

equivalent solutions. Changes in the dimensionality of control can provide, at a glance, 

the degree to which subjects constrain their movements or explore alternatives. Only 

movement data was included in the PCA, as inclusion of static postures while planning a 

move could potentially overwhelm the data and wash out movement control patterns. 

2.4.4 Qualitative Analysis 

There is evidence suggesting that factors such as comfort or effort may have a 

significant impact on control strategies (Rosenbaum et al., 1996; Solnik et al., 2013). To 

understand how such factors may have impacted control in this task, I qualitatively 

modeled the postures adopted by subjects to observe what postures the tended to prefer 

for learned targets. Using a simple segment model of a human upper torso and arms, I 
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mapped the measured joint rotations into arm positions in space. Because of the 

redundant nature of the tasks, there were an unlimited number of possible configurations 

subjects could have adopted to reach the center target. However, preferred postures 

would be represented by clustering of kinematic positions around particular spatial 

locations. Using this qualitative analysis, I was able to observe which regions of joint 

space were preferred by subjects and make predictions about how these might relate to 

comfort and stability. I was also able to qualitatively assess the stability of particular 

postures by looking at the confidence interval around the average arm position. 

2.4.5 Similarity of Mean Postures 

If comfort is a relevant factor in coordinating arm movements in this task, then we 

would expect to see facilitation of a preferred subset of body configurations over others. 

Such facilitation would cause postures adopted at all targets (central and peripheral) to 

become increasingly similar over the course of practice. This strategy is equivalent to 

confining body movements to a plane in body space that is parallel to task space, and will 

consequently minimize the amount of variability across redundant solutions. The mean 

Euclidean distance between postures adopted at each target, and the mean posture 

adopted at the center target for each learning phase, was used to quantify the degree to 

which subject arm postures converged onto a smaller subset of possible arm postures. A 

decrease in the distance between adopted postures at each target and the mean posture at 

the center target indicates that over practice, subjects brought their adopted postures 

together, making them more similar. 

2.5 Separablity and Transport Efficiency  
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 The paradigm used here was based on a paradigm used by Rangathan et al. (2013) 

which employed a similar task involving novel hand movements to explore how 

redundancy was used to minimize the energetic cost associated with particular 

movements. Although the questions asked in this previous study address related topics, 

here I was specifically concerned about the relationship between postural comfort and 

redundancy exploitation. As transport cost may be another relevant constraint on how a 

redundant motor system is coordinated, I replicated the two main analyses used in this 

previous study to study the energetic cost of movements for a redundant motor system. 

However, these analyses were not part of my main objectives with this study, so I report 

and discuss these replication results in the Discussion section of this paper. The analytical 

methods themselves are presented below. 

2.5.1 Separability of Postures at Center Target 

In addition to requiring subjects to resolve the redundancy problem for reliable 

control, this task provides an opportunity for subjects to exploit redundancy in order to 

adapt behavior to reflect the initial conditions of a trial. Because the central target was 

visited twice as often, a majority of the movements made by subjects required achieving 

a similar goal (arriving at the central target) under different initial conditions (starting 

from one of the three peripheral targets). Postures at the periphery differ between targets, 

so there is an opportunity for subjects to choose postures for the central target which are 

more closely related to their initial posture, thus minimizing the magnitude of their 

movements by exploiting redundant postures at their goal location. 

 I used linear discriminant analysis (LDA) to quantify the degree of separability of 

postures at the central target as a function of the initial cursor position. LDA requires a 
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full rank covariance matrix, which means that task- and null-space components of 

postures needed to be projected into their respective subspaces (rather than being 

represented in the full body space as in Variability in Posture at Center Target). The 

projection of postures into the 2D task-space is simply the mapping of postures into 

screen coordinates (equation 3a). The basis vectors of the null-space were found by 

solving equation 3b for 𝑵𝒖𝒍𝒍! (computed numerically with the Null function in the MASS 

library of R), and the projection of postures into the 4D null-space was achieved through 

equation 3c. 

 Half of the projected data were used as training data to determine the appropriate 

linear combination of features to best classify the remaining half of the data. The ratio of 

correctly classified instances to incorrect classifications provided classification accuracy. 

This process was repeated 50 times, and the mean of the resulting classification 

accuracies was taken as a measure of the separability of posters at the center target based 

on the originating target. Because there are three possible origin targets, chance 

performance of the classifier was set at 33% classification accuracy. 

	
  

2.5.2 Transport Efficiency 

While the separability metric and the variability distribution provide clues about 

whether or not people are exploiting redundancy, they do not give an indication of what 

purpose that exploitation serves. As stated previously, there was an opportunity implicit 

𝑨 ⋅ 𝜃 = 𝑃𝑟𝑜𝑗!"#$ 	
   (3a)	
  

𝑨 ⋅ 𝑵𝒖𝒍𝒍𝑨 = 0	
   (3b)	
  

𝜃! ⋅ 𝑵𝒖𝒍𝒍! = 𝑃𝑟𝑜𝑗!"## 	
   (3c)	
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in the task to exploit redundancy in order to minimize cost of movement to the center 

target by adopting postures at the center that were more like the starting posture (i.e. 

varying postures at the center based on initial conditions). Ranganathan et al. (2013) 

developed a measure to observe differences in the amount of body movement on a 

particular trial as compared to body movements that could have been used by subjects to 

move the cursor in an equivalent fashion. If the movements subjects performed are 

smaller than other possible movements, it suggests subjects are choosing the most 

efficient movement on a case-by-case basis by exploiting the existence of redundant task  

solutions. 

 

 The distance between the average posture at each 𝑖!! peripheral target (𝑡!) and the 

average posture at the center target for each 𝑗!! point of origin (𝑐!) is gathered into a 

3  ×  3 matrix, as shown in Equation 4a. The transport efficiency metric, TE, is given by 

Equation 4b. Following Ranganathan et al. (2013), I repeated this analysis 50 times, 

selecting half the postures at random each time in order to draw out the mean and 

standard deviation of transport efficiency. 

𝑫𝟑  ×  𝟑 =   
𝑑!,! 𝑑!,! 𝑑!,!
𝑑!,! 𝑑!,! 𝑑!,!
𝑑!,! 𝑑!,! 𝑑!,!

, 𝑤𝑖𝑡ℎ  𝑑!,! = 𝑡! − 𝑐! 	
   (4a)	
  

𝑻𝑬 = 1 −   
!!,!
!!
!!,!
!!!!

⋅ 100	
   (4b)	
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3. RESULTS 

3.1 Performance and Variability 

3.1.1 Endpoint Error 

Over the course of practice, subjects demonstrated a decrease in the error of their 

initial movement towards the center target (Figure 3.1). Repeated measures ANOVA 

revealed a significant effect of learning phase (Day 1 – Early, Day 1 – Late, Day 2 – 

Early, Day 2 – Late) on end-point error (𝐹 3, 21 =   35.625,𝑝 < 0.01, 𝜂!! = 0.90). A 

significant decrease in end-point error was found between the first and second learning 

phase (𝑡 7 = −3.81,𝑝 < 0.01), but not between later consecutive learning phases. A 

closer inspection of the first learning phase (Figure 3.1 inset) shows a significant decrease 

in end-point error was found between the first and second blocks (𝑡 7 =   −2.688,𝑝 =

0.048), but not between later consecutive blocks.  
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3.1.2 Distribution of Arm-joint Variability 

The variance of arm-joint angles within the task-space and null-space components of 

arm posture was analyzed to characterize the extent to which subjects exploited 

redundancy to stabilize and improve their performance on the primary task goal. Over the 

course of learning, subjects markedly decreased the variance of their adopted arm 

postures at the center target, both within the task-space (Figure 3.2a), and within the null-

space (Figure 3.2b). A significant effect of learning phase on the task space component of 

joint variance (𝐹 1.24, 8.67 = 6.16,𝑝 < 0.01, 𝜂!! = 0.60) was found, after correcting 

for sphericity 𝜒! = 31.03,𝑝 < 0.01, 𝜀!! = 0.41 . The reported degrees of freedom for 
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Figure 3.1. Endpoint error. Distance from the target at the end of a movement over the course of 
practice, averaged across subjects. Error bars are standard error. Mean endpoint error plotted 
over learning. Dashed line indicates the spatial boundary of the onscreen target (i.e., positions 
below that line were scored as hits). Inset: Closer inspection of day 1-early. Majority of 
improvement occurs within the first few blocks of practice. 
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the F-statistic are the Greenhouse-Geisser  (GG) corrected values. Comparisons between 

each learning phase revealed a significant decrease in variance between the first and 

second learning phase (𝑡 7 =   −2.76,𝑝 = 0.042) , but not between any later 

consecutive learning phases. This finding was predictable, given the concomitant 

decrease in end-point error during the first learning phase. Task-space variance maps 

directly to variance in the position of the cursor, so a reduction in task space variability is 

necessary to improve task performance.  

Figure 3.2. Decomposition of joint variability. (A) Task-space. (B) Null-space. (C) A synergy index 
defined as 𝚫𝑽 = 𝑽𝒏𝒖𝒍𝒍/𝑽𝒕𝒂𝒔𝒌. Both task-space and null-space components of joint variance decreased 
over the course of practice. 𝚫𝑽 was unchanged over practice. 
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 A significant effect of learning on the null-space component of variance was also 

found (𝐹 1.08, 7.55 =   7.29,𝑝 < 0.01, 𝜂!! = 0.77), again using GG corrections for 

sphericity violations 𝜒! = 28.25,𝑝 < 0.01, 𝜀!! = 0.36 .  There were no significant 

differences in the means between consecutive learning phases, suggesting a more gradual 

decrease in the null-space component of joint variance, when compared with the task-

space component. 

 In order to test for the learning and facilitation of stabilizing motor synergies, 

changes in the relative variance between the null-space and task-space (normalized by the 

number of DOF) over the course of practice was also examined (Figure 3.2c). Despite the 

large decreases in end-point error observed, there were no significant changes in this 

index of synergy facilitation over the four learning phases. 

3.1.3 Variance Accounted for by Two Principal Components 

Mean variance accounted for by the first two principal components was found to be 

less than one hundred percent, but increased over the course of practice (Day 1 – Early, 

M = 73.3, 95% CI [66.8, 79.8]; Day 1 – Late, M = 74.3, 95% CI [69.6, 78.9]; Day 2 – 

Early, M = 80.3, 95% CI [73.6, 87.1]; Day 2 – Late, M = 79.7, 95% CI [70.2, 89.3]). A 

significant effect of learning phase on variance-accounted-for was found (𝐹 !,!" =

  4.57,𝑝 = 0.013, 𝜂!! = 0.74), suggesting that as subjects practiced, their movements 

become increasingly constrained to a smaller dimensional space. This decrease in 

dimensionality is consistent with the concurrent decreases in null-space and task-space 

variance observed over the course of practice. As they practiced this task, subjects 

appeared to reduce their movements to a smaller subset of the total range of possible 

movements.  
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3.2 Comfort and Tolerance  

3.2.1 Arm Postures 

To demonstrate the effect of comfort on the stability of motor solutions, the arm 

postures of two subjects are presented (Figure 3.3). Figure 3.3a shows a subject whose 

postures are representative of the typical postures seen in this study. The first row shows 

the average posture adopted in the first learning phase of the experiment and the second 

row shows the posture adopted in the last phase. The columns are the front and top views 

of the subject respectively. Over practice, the subject’s postures became more centrally 

located in front of the body, avoiding extreme ranges of joint excursion. The variability 

of arm postures (shown here by 95% confidence ellipses around the mean posture) also 

decreased as the subject’s posture becomes more centralized. 
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Figure 3.3. Representative postures of two subjects. Top row of each panel is mean posture 
adopted during the first learning phase. Bottom row is the average posture adopted during the 
last learning phase. Ellipses denote 95% confidence interval around data. (A) A subject with 
body postures typical of the majority of subjects in the experiment. Postures become 
increasingly centralized and variability of postures decrease over learning. (B) A subject who 
adopted atypical postures through the experiment. Posture was not centralized and variability 
around postures was largely unchanged over learning. 
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 By contrast, 3.3b shows a subject whose postures were not typical of other 

subjects in this experiment. This subject shows relatively little central tendency in 

postures over practice, and the final posture adopted displays shoulder pitch and yaw 

angles that do not correspond with a relaxed muscle position. What is most telling here is 

that there appears to be little difference in the variability in postures between the first and 

last learning phases for this subject. Confidence intervals around arm position remain 

quite large in the last learning phase, indicating a high degree of variability in posture.  

3.2.2 Distance Between Mean Postures 

In order to quantify this strategy of adopting more comfortable and less difficult 

postures, I measured the degree to which subjects constrained their arm postures to a 

reduced sub-space of the range of possible solutions to the task (Figure 3.4).  A 

significant effect of learning phase on distance from average posture at the center target 

for postures from the left (𝐹 !,!" = 5.64!𝑝 ! 0!01!𝜂!
! ! 0!71! , right (! !!!" !

! .41,𝑝 ! 0.01!𝜂!! = ! .!! ), bottom (! !!!" = 7!61!𝑝 ! 0!01!𝜂!
! ! 0!69! , and center 

(𝐹 !!!" = 12!08!𝑝 ! 0!01!𝜂!
! = ! .!" ) targets, suggesting that over practice, subjects 

converged on a reduced region of the solution space. A reasonable interpretation of this 

result, especially when taken together with the changes in arm posture and the decrease in 

variability observed over the course of practice, is that subjects converged on those more 

comfortable and easily adoptable postures as a means of improving task performance.  
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Figure 3.4. Difference between postures. Mean Euclidean distance of postures adopted at each 
target from the average posture at the center target in each phase. Decreases in this distance across 
all [postures indicates that subjects increased the similarity between postures globally, reducing the 
size of the solution space they explored. 
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4. DISCUSSION 

4.1 General Discussion 

 The purpose of this study was to investigate the role of biomechanical constraints, 

such as comfort and effort, in the exploitation of redundancy in a novel motor task. 

Redundancy in the motor systems presents a potential problem to actors, as it complicates 

the process of coordinating the many degrees of freedom in the body that are involved in 

a particular action. In order to successfully take an action in the world, actors must 

resolve the problem of redundancy, either by minimizing or mitigating redundancy, or by 

exploiting the presence of redundancy in a manner that is beneficial to the ultimate goal 

of the action. I asked whether subjects would exploit redundancy when learning a novel 

motor task, and if this exploitation would reflect physical capabilities and limitations of 

the body, particularly in reference to the comfort of postures adopted. 

 This study employed a paradigm in which the movements of independent motor 

DOF were linearly mapped to the control of a cursor in a simple target-acquisition task. 

This paradigm provides a unique opportunity to study how actors learn to exploit 

redundancy, as the task requires subjects to coordinate a novel (and redundant) set of 

motor DOF to satisfy an unfamiliar relationship between body movements and actions in 

a virtual environment. In order to specifically highlight the impact of biomechanical 

constraints, I required subjects to coordinate the movements of six arm joints. The arms 

represent a significant portion of the body’s total weight, and as such are subject to non-

trivial gravitational and inertial forces. In coordinating their arm movements to 

successfully move the cursor in the virtual environment, subjects were forced to deal with 

the effects of these physical factors. 
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 Subjects in this experiment were capable of learning to perform this complex, 

redundant task within the time limit of the study, and they were also able to quickly and 

significantly improve their performance. Increases in performance occurred primarily in 

the first several blocks, and average subject performance plateaued in later blocks. The 

targets in this experiment were fairly large in relation to the size of the cursor, so the 

observed plateau in performance is likely due to subjects achieving “good enough” 

performance to reliably satisfy the basic requirements of the task (i.e., placing the cursor 

within the boundary of the target). 

 Contrary to the predictions made by a co-variation account of redundancy 

exploitation, improvements in performance did not seem to be related to the development 

of stabilizing co-variation across redundant motor DOF. Variability observed within the 

components of arm movements that did not contribute to movement of the cursor (the 

null-space) was consistently larger than variability within components of arm movements 

that did affect the movement of the cursor (task-space). Additionally, variability in the 

task-space and null-space components of arm movements decreased as subjects’ 

performance improved. However, there was no relative increase in null-space variability 

over task-space variability as subjects improved, suggesting that improvement was not a 

result of the redistribution of variability from the task-space to the null-space. 

 These findings are similar to findings from studies of dual-arm pointing 

movements from Domkin et al. (2001) and Domkin et al. (2005). These two studies 

found that as subjects repeatedly moved both arms together to touch their fingertips, joint 

variability contained within the UCM was consistently higher than joint variability 

parallel to the UCM. However there was no relative increase in variability in the UCM 
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over practice, despite improvements in the measured performance metrics. The 

explanation provided was that due to the simplicity of the task, the DOF being studied 

were maximally co-varied and any changes were not significant enough to detect. Our 

study removed the possibility of subjects relying on preexisting coordination by creating 

a novel mapping between independent motor DOF and the task. The fact that I did not 

find evidence of any facilitation of stabilizing co-variation suggests that subjects were 

employing a different strategy to improve motor performance. 

 The decrease in the null-space component of variability is particularly interesting. 

Because the null-space component of variability does not contribute to performance 

variability, reducing null-space variability does not provide an explicit benefit to 

performance in task. The observed reduction in null-space variability therefore indicates 

that as subjects learned our motor task, the postures adopted were specified by other 

factors besides the co-variation of DOF to stabilize performance. While inconsistent with 

a co-variation account of motor improvement, a decrease in the null-space component 

would be expected if subjects were confining their movements to a particular subset of 

motor solutions. Preferentially facilitating a subset of possible solutions would cause 

variability in movements to decrease globally, not just in the task relevant dimensions. As 

variability decreased generally, a decrease in the overall complexity of the movements 

would also be expected, a prediction that was supported by our finding that the first two 

principal components of movements accounted for an increasing amount of movement 

variability.  

 Together, these findings suggest that subjects in this experiment were not 

exploiting redundancy by co-varying motor DOF to reduce error in the cursor position, or 
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if they were the relationships were masked by a stronger, secondary strategy. As 

discussed previously, a recent study by Solnik et al. (2013) found that decreases in a 

subject’s rating of the comfort of an arm posture adopted during a pointing task predicted 

a significant increase in the variability within the UCM over repeated adoption of that 

posture. A likely conclusion was that actors were exploring redundant joint solutions for 

that posture to find the most comfortable possibility available to them, as maintaining an 

uncomfortable posture for an extended period of time is undesirable. If, in my 

experiment, redundancy was exploited to find the most comfortable arm posture from the 

range of possible arm postures, as suggested by the findings from Solnik, we could 

expect a decrease in the amount of variation within the null-space, as well as a decrease 

in variation in the task-space, as subjects closed in on the most comfortable option. 

 To test this prediction, I looked at how the differences in postures adopted by 

subjects at all targets changed over the course of the experiment. If subjects were honing 

in on a desirable subset of postures, then we would expect to see the range of postures 

adopted collapse over the course of practice. I found that as subjects practiced the task, 

the postures adopted at all targets become increasingly similar to the average posture 

adopted at the center target. When I looked at the postures subjects were adopting, they 

overwhelmingly appeared to prefer postures that were centrally located at the midline of 

the body, close to the torso. These centrally located postures require very little muscular 

compensation for gravitational forces while being maintained, potentially making them 

inherently more stable without any specific relationships between the involved DOF. A 

single subject did not adopt this centralized posture, and interestingly this subject 
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demonstrated more variability around arm postures at the end of the experiment than the 

other subjects. 

 The increase in similarity between all postures, coupled with the qualitative 

assessment of the postures adopted, strongly suggests that subjects were using 

redundancy to maximize the comfort associated with the postures they had to repeatedly 

make. Additionally, the increase in the amount of arm joint variance accounted for by the 

first two PCs of the movement data supports the finding that subjects focused their 

performance on an increasingly smaller range of possible solutions. As increasingly 

comfortable postures were found, subjects tended not to vary away from these desirable 

solutions. 

 This account is consistent with the biomechanical perspective advanced by 

Rosenbaum (1996; 2001). The end-state comfort of a movement is important when the 

motor components involved carry significant energetic and physical demands. 

Rosenbaum demonstrated that as people practiced a task repeatedly, they increasingly 

coordinated their initial movements to maximize this end-state comfort. More recently, 

studies of repeated manual-labor activities, such as hammering and sawing, have revealed 

that individuals who suffer from fatigue and extended-use injuries tend to have lower 

variability across the redundant space of these repeated actions (Côté, Mathieu, Levin, & 

Feldman, 2002; Côté, Raymond, Mathieu, Feldman, & Levin, 2005). As certain motor 

components involved in the production of a repeated action become exhausted, well-

trained individuals adapt their behavior to exploit redundant motor solutions, allowing the 

stressed or fatigued components of the body to rest. Discomfort is a sensation associated 
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with fatigue and the potential for injury, so using redundancy to maximize comfort may 

be an adaptive response to prevent such fatigue related injuries. 

 Redundancy has also been shown to be an important component in maximizing 

one’s tolerance to internal and external error. The study by Sternad and Abe (2011) 

demonstrated that actors are sensitive to the differences in tolerance to error that can be 

found in the relationship between task parameters and the requirements of the goal. The 

task used in this study was based on a linear mapping between arm postures and screen 

coordinates, so there were no differences in tolerance to error for different postures, with 

respect to the task. However, while the mapping treated all potential postures equally, an 

actor’s ability to successfully execute and sustain a particular posture will vary. For 

example, postures beyond the range of a joint’s rotation capability, while potentially valid 

postures for the mapping, are not available to a subject. 

 Extending this idea, it is easy to imagine that certain postures, drawn from the set 

of possible postures that a subject can adopt for a particular target, will be easier to 

achieve and maintain, relative to others. The evidence that subjects are highly sensitive to 

tolerance demands embedded in the abstract construction of a task like a pub game 

provides a strong reason to believe that actors will also be highly sensitive to the 

tolerance of their own bodies to potential error. When observing the posture adopted by 

subjects in our study, the tendency to adopt postures that are situated more towards the 

mid-range of joint movement capabilities may have reflected a tolerance seeking 

behavior similar to the behavior described by Sternad and Abe. Comfort, while also being 

an indicator of fatigue or potential for injury, may be a reliable signal for determining the 

tolerance of a posture to perturbation and internal error. 
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4.2 Separability and Transport Efficiency 

 This paradigm used in this experiment was based on a paradigm employed by 

Ranganathan et al. (2013). In that study, subjects wore a computerized glove that 

recorded 19 joint angles in their dominant hand. Equivalent mapping procedures were 

used and subjects were similarly required to make movements to one of four targets 

presented in a grid. The study found that subjects adopted different postures at the center 

target as a function of which peripheral target their movement originated from. These 

postures were classified with a linear discriminate algorithm (LDA) classification 

procedure with a high degree of accuracy, becoming more separable over the course of 

practice. This was taken as evidence that subjects used motor redundancy to minimize the 

energetic costs associated with moving between targets. By making center postures more 

similar to corresponding peripheral postures, subjects were able to make smaller moves 

to complete the task.  

  Similarly, a transportation efficiency (TE) metric was used to assess the benefit 

of these differences in center posture. Exploiting redundancy to improve efficiency and 

minimize the cost of transport represents an alternative role for redundancy, and may 

provide important constraints on action to facilitate coordination. I replicated the 

separability and transport efficiency analyses found in this previous study to understand 

the role these factors might play in learning to coordinate a redundant body. Interestingly, 

though our paradigm was very similar to this previous experiment, our findings for 

separability and transport efficiency were inconsistent with their results.  



	
   	
   	
  

	
  

40	
  

4.1.1 Separability of Postures 

In order to understand the role redundancy played in the differences at the center 

target, postures were decomposed into task-space and null-space components. 

Classification of postures was found to be above chance (33% classification accuracy) in 

both the task-space and null-space components of adopted postures for each learning 

phase (Figure 4.1). Above chance classification on the task-space components of postures 

indicates that subjects were placing the cursor in different physical locations within the 

target, depending on which peripheral target they started from. Above chance 

classification was consistently found for null-space components of movements as well. 

Figure 4.1. Separability of Postures. Mean classification accuracy of a linear discriminate analysis 
algorithm on postures adopted at the center target. Chance classification was 30% accuracy. Classification 
was above chance for both task- and null-space components of adopted postures, but there were no 
differences found between task- and null-space classification accuracy. Classification on the task-space 
components is the same is classifying by different positions of the cursor within the target. 
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However, there were no statistical differences in classification accuracy between task-

space and null-space components in any of the learning phases (Day 1 – Early, 𝑡 !"!!" !

! 1!!" ! ! ! ! !313; Day 1 – Late, ! !" ! −! !!" ! ! ! ! !!"# ; Day 2 – Early, 𝑡 !" .!" !

! 1!!" ! ! ! ! !!! ; Day 2 – Late, ! !" !!" ! ! ! !!"# !! ! ! !!"#$ ). This means that the 

null-space components of arm postures adopted were no better for classifying origin 

location than the location of the cursor within the target. Further, there was no 

statistically significant change in the classification accuracy over the course of practice 

based on either the task-space !𝐹 ! !!" ! ! !!" ! ! ! ! !!"# !  or null-pace ! ! ! !!" !

! !!" ! ! ! ! !!"" !  components of movement. Over the course of practice in this 

experiment, no evidence of redundancy exploitation to adapt postures at the center target 

was observed. 

 Conversely, the previous experiment by Ranganthan (2013) found a very high 

degree of classification accuracy, particularly in the null-space components of hand 

postures. Postures were separable on the basis of differences in the initial position prior to 

the movement to the center, and not just on the location of the cursor within the center 

target after the movement was completed. This reflected a difference in movement 

strategies that were learned to minimize the cost of transport. Though our findings are 

surprising in comparison to this previous study, our primary results provide a possible 

explanation for this difference. 

 The finding that the first two principal components accounted for a majority of 

variability in the arm movements suggests that subjects made minimal variations along 

the null-space components of their movements. The arm postures adopted by subjects 

could vary along six dimensions. Changes along two of those dimensions mapped to 
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changes in cursor position, while changes along the remaining four did not. This means 

that in order to perform the task, variation along two dimensions is minimally needed to 

account for changes in the cursor’s position. As the movements made by subjects became 

increasingly two dimensional, less of the observed variability could be attributed to 

changes in the null-space components of movements, making classification based on the 

null-space increasingly difficult. Because observed variability was increasingly attributed 

to variation in the task-space components of movements, it makes sense that any 

classification of postures would come from differences in cursor location within the 

target (a task-space consequence). 

4.1.2 Transport Efficiency 

Following the procedures outlined in Raganathan et al. (2013), I replicated the 

transport efficiency metric to assess whether or not subjects were using redundancy to 

minimize the energetic costs related to moving. Positive values of the TE metric indicated 

that postures adopted at the center tended to be more closely related to the target of 

origin, minimizing movement costs. Negative values indicated that postures adopted at 

the center bore no relation or were further from the target of origin than postures at other 

possible targets. Two-tailed t-tests were used to determine if transport efficiency was 

significantly different from zero. For each learning phase, transport efficiency was not 

found to be significantly different from zero (Day 1 – Early, 

! ! ! ! !! ! !"# !!" ! ! ! !! ! ! !!  ; Day 1 – Late, ! ! ! ! !! ! !"# !!" ! ! !" !! ! ! .! ; Day 2 – 

Early, ! = ! ! !! ! !"# !!" ! ! ! !! ! ! !! ; Day 2 – Late, ! ! ! ! !! ! !"# !!" ! ! !" !! ! ! !! ). 

 The TE metric measures similarities in postures, dependent on relationships 

between starting posture and ending posture. Because I did not find any significant 
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differences in postures adopted at the center target as a function of the peripheral target of 

origin, we would not expect to find a significant decrease in the transport cost using this 

metric. Instead, I found that subjects tended to make the postures adopted over the course 

of the experiment more similar globally. Rather than adopting different postures at the 

center to reflect the postures adopted at the periphery, subjects altered the postures at the 

periphery to reflect the average posture adopted at the center. While this could be viewed 

as an increase in transport efficiency (as the adopted postures became closer in joint 

space over time) it also reflects the tendency to prefer comfortable postures, as discussed 

above. This is a facet of coordination that is not captured by the TE metric previously 

employed
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5. CONCLUSIONS 

 The findings of this study demonstrate that subjects are capable of learning to 

perform highly redundant and completely novel tasks quickly, and they are able to make 

significant improvements to their performance early on in practice. I did not find 

evidence that this improvement was a result of the formation or facilitation of stabilizing 

synergies or functional co-variation between joint angle movements, with respect to the 

task goal. Instead, subject movements were characterized by a reduction in the 

dimensional size of the explored range of solutions, and a global reduction in movement 

variability. This does not mean that subjects were not learning to functionally coordinate 

motor DOF as they practiced. It does however mean that other factors may have been 

involved in the learning process for this task. In particular, the comfort of the adopted 

postures appeared to by a strong motivating factor for how subjects performed the task. 

Reductions in postural variability and increases in movement accuracy coincided with a 

shifting of adopted postures to a more centrally located and relaxed subset of successful 

motor solutions. 

 Comfortable postures, while being physically easier to adopt and maintain, may 

provide important advantages in terms of stability and resistance to perturbation. By 

avoiding the extreme ranges of joint rotation and muscle effort, comfortable postures are 

more flexible and can be shifted or altered along a number of dimensions. Postures and 

movements that are near extremes of movement capabilities may be less tolerant to 

fluctuation as there are fewer adaptations that can be made due to the limitations on 

movement. This concept of adaptability is similar to the idea of tolerance from Sternad 

and Abe that has been shown to be a critical feature in motor control and coordination. 
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 While redundancy may present certain complications to the CNS, it also offers an 

array of advantages that can be exploited by actors to achieve precise and reliable motor 

performance. A number of studies have demonstrated how redundancy can be exploited 

to stabilize motor performance through co-variation of relevant motor DOF. Here, I 

showed that the flexibility afforded by redundancy is also crucial for providing actors 

with access to subsets of motor solutions to a task that satisfy desirable movement 

characteristics. Together, the capacity for flexibility and stability provide a powerful 

mechanism for deriving consistent and reliable action from a complex motor system. 
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