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 2 

Abstract 1 

Although previous work in nonlinear dynamics on neurobiological coordination and control has 2 

provided valuable insights from studies of single joint movements in humans, researchers have 3 

shown increasing interest in coordination of multi-articular actions. Multi-articular movement 4 

models have provided valuable insights on neurobiological systems conceptualised as degenerate, 5 

adaptive complex systems satisfying the constraints of dynamic environments. In this paper, we 6 

overview empirical evidence illustrating the dynamics of adaptive movement behavior in a range 7 

of multi-articular actions including kicking, throwing, hitting and balancing. We model the 8 

emergence of creativity and the diversity of neurobiological action in the meta-stable region of 9 

self organising criticality. We examine the influence on multi-articular actions of decaying and 10 

emerging constraints in the context of skill acquisition. We demonstrate how, in this context, 11 

transitions between preferred movement patterns exemplify the search for and adaptation of 12 

attractor states within the perceptual motor workspace as a function of practice. We conclude by 13 

showing how empirical analyses of neurobiological coordination and control have been used to 14 

establish a nonlinear pedagogical framework for enhancing acquisition of multi-articular actions.  15 

 16 
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Dynamics of multi-articular coordination in neurobiological systems 1 

Introduction 2 

 In recent years studies of complex neurobiological systems have revealed insights into 3 

how nonlinear dynamical systems adapt to the environment (Davids, Button & Bennett, 1999). 4 

This task poses an immense challenge, since there are close to 102 joints, 103 muscles and 1014 5 

cells that have to be functionally coordinated in human movement systems for goal-directed 6 

actions to occur (Kelso, 1995; Turvey, 1990). How humans select and control the numerous 7 

movement possibilities available to them has intrigued movement scientists for a long time and 8 

has been captured in the well known ‘degrees of freedom problem’ (see Bernstein, 1967, Newell 9 

& Vaillancourt, 2003). Nonlinear dynamicists have emphasised the need to examine individual 10 

variability and development of neurobiological systems when considering the dynamic 11 

interactions inherent in all movement contexts (Davids, Button & Bennett, 1999).  12 

 Models of neurobiological coordination and control in nonlinear dynamics rely less on 13 

sensorimotor representations as mechanisms of movement organisation and are also less 14 

hierarchical in explaining how the multitude of interacting parts of the body are integrated into 15 

functional, goal-directed movement solutions in dynamic environments (e.g., Bernstein, 1967; 16 

Kugler & Turvey, 1987). Rather, nonlinear dynamicists have been more interested in 17 

understanding perception-action dynamics in neurobiological systems characterized as dynamic 18 

pattern-forming entities. The interwoven relationship between perception and action provides the 19 

basis for understanding how adaptive organization of actions occurs, and is a cornerstone in 20 

theorizing on neurobiological coordination and its acquisition in nonlinear dynamics (Davids et 21 

al., 2008; Hristovski et al., 2006; Turvey, 1990). Research from this perspective has illustrated 22 

how spontaneous coordination tendencies provide neurobiological systems with stability and the 23 



 4 

flexibility needed to adapt to complex, ever-changing environments (Kelso, 1995; Turvey, 1990). 1 

In order to understand adaptive behavior, it has become increasingly clear that the interactions 2 

between complex organisms, task constraints and performance environments need to be studied 3 

(Seth & Edelman, 2004). 4 

This theoretical rationale has provided fresh impetus for studying multi-articular 5 

coordination, typically eschewed by traditional research, rather than the study of movement 6 

models with fewer degrees of freedom (e.g., a lever positioning movement with the hand). Multi-7 

articular actions involve many joints, muscles and limb segments of the body concurrently. This 8 

is an important development in neurobiology since it has been argued that complex actions 9 

cannot be merely reconstructed from the sum of simple motor activities (Cordo & Gurfinkel, 10 

2004). For example, in the case of a simple stone chipping task, expert stone knappers in India 11 

have demonstrated and adopted purposeful, multi-articular coordination to knapping actions, 12 

exploiting the compensatory joint contributions to allow a functional trajectory of the hammer to 13 

produce adequate kinetic energy for the knapping task (see Biryukova & Bril, 2008). 14 

Further, investigation of rhythmic and discrete multi-articular movement tasks have 15 

provided valuable insights on mechanisms of movement coordination and control. Concepts from 16 

nonlinear dynamics have provided a comprehensive basis for understanding how degrees of 17 

freedom in a complex neurobiological system can be managed to facilitate functional actions 18 

involved in postural control, reaching and grasping and dynamic interceptive actions, for 19 

example.     20 

Researchers have also attempted to use concepts in nonlinear dynamics to identify how 21 

self-organization processes underpin emergent decisions and actions in complex social 22 

neurobiological systems. An interesting phenomenon within such systems is the emerging and 23 
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decaying constraints on agent-agent interactions and agent-environment interactions which often 1 

involve rhythmical and discrete multi-articular actions (e.g., see Guerin & Kunkle, 2004).  2 

During such agent-agent and agent-environment interactions perceptual information from the 3 

environment needs to be picked up to regulate actions. Guerin and Kunkle (2004) highlighted 4 

how task constraints are dynamic and emerge and decay over time with their simulation model of 5 

ants foraging for food. It was suggested that underlying rules of agent behaviors can describe 6 

how agent-environmental interactions can evolve and self-organize (see Guerin & Kunkle, 2004). 7 

It was shown how organised structure in food gathering behaviors begins to break up once a food 8 

source is depleted, so that constraints on ant movements, based on establishment of a pheromone 9 

field, begin to decay. The decay of constraints is a consequence of dynamic interactions of ant 10 

behaviors and the environment and is a feature of the evolution of constraints on dynamical 11 

systems during different phases of self-organization. Adaptive behaviors of ants in the simulation 12 

model fluctuated, not due to the individual ability of the ants themselves, but as a consequence of 13 

the interaction between the behaviors of the ants and the environmental constraints (Guerin & 14 

Kunkle, 2004).  15 

In human motor learning, the decay and emergence of constraints plays a pertinent role in 16 

acquisition of movement coordination and is a key feature of the interaction between 17 

neurobiological systems and the learning environment (e.g., see Hristovski et al., 2006). The 18 

theoretical and practical implications of these ideas are significant for the study of human 19 

movement behaviors. The process of coordination changes can be underpinned by changes in the 20 

pertinent constraints that emerge to shape coordination and its acquisition. Insights into how 21 

movement patterns can change as a function of practice and training in specific performance 22 
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contexts can inform researchers about the critical phases of learning when the acquisition of a 1 

new functional movement pattern may surface.  2 

Research is needed to explore how task constraints can be manipulated to understand the 3 

adaptive nature of human movement behavior. In this paper we aim to describe and explain 4 

acquisition of coordination and control of multi-articular actions, and to show how the emergence 5 

and development of coordination is supported by recent empirical findings in the field of human 6 

movement science. Specifically, we examine how interacting individual and task constraints 7 

supports the functional role of movement variability in facilitating adaptation to dynamic task 8 

environments. Analysis of behavior at the level of the performer-environment system is revealing 9 

action modes as examples of natural, emergent phenomena which can be functionally varied to 10 

suit the challenge of performing in dynamic contexts. We highlight the role of perception-action 11 

coupling in this process and the relevance of examining multi-articular actions in dynamic 12 

performance environments. We also discuss how emerging and decaying constraints facilitate 13 

self-organized changes during the acquisition of neurobiological coordination as a function of 14 

practice.  15 

 16 

 Dynamical Basis of Neurobiological Coordination and Control 17 

Insights of Bernstein (1967) provide a useful starting point to explain how coordination 18 

occurs within neurobiological systems from the perspective of nonlinear dynamics. The adoption 19 

of a systems-based approach has become increasingly relevant in the study of human movement 20 

coordination and control. Coordination has been referred to as the process by which 21 

neurobiological system components are assembled and brought into proper relation with each 22 

other during a goal-directed activity (Turvey, 1990). Bernstein (1967) viewed the basic 23 
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coordination problem in humans as the process of mastering redundant degrees of freedom of the 1 

moving organ into a controllable system. This conceptualization of coordination suggests that 2 

complex neurobiological systems need not be decomposed into biomechanical and 3 

neurophysiological building blocks for the purposes of study (Bongaardt, 1996). Bernstein’s 4 

ideas have been harnessed by researchers in the field, such as Turvey, Warren and colleagues, 5 

who emphasized the dynamics of perception and action, aligning with the work of James Gibson 6 

(1979) in ecological psychology (see Turvey, 1977; Turvey, Fitch & Tuller, 1982; Warren, 7 

2006). There have also been a number of creative and insightful studies by Esther Thelen and co-8 

investigators providing dynamical explanations of change and development in human movement 9 

systems, highlighting the key role of variability and instabilities during that process (see Thelen, 10 

1995; Thelen & Smith, 1994). Finally, Newell and co-workers have highlighted the constraints 11 

on perception and action across many different timescales in neurobiological performance, 12 

learning and development (Newell, Liu & Mayer-Kress, 2001; Newell & Vaillancourt, 2001; 13 

Stratton, Liu, Hong, Mayer-Kress & Newell, 2007). 14 

Particular impetus has been provided by studies of Kelso and colleagues on bimanual 15 

coordination in identifying the role of key constructs of self-organization, attractors, order and 16 

control parameters as well as transitions between stable states of neurobiological organization 17 

(see Buchanan & Kelso, 1999; Kelso, 1984; Schöner & Kelso, 1988). The construction and 18 

adaptation of movement patterns has been successfully modeled and investigated by means of 19 

synergetic theoretical concepts since Haken, Kelso and Bunz (HKB) first applied them in 20 

investigations of brain and behavior (Haken, Kelso & Bunz, 1985; Kelso, 2002). In their 21 

pioneering HKB model, and its subsequent development (Schöner, Haken & Kelso, 1986), 22 

abrupt changes in bimanual and multi-limb oscillatory movement patterns (Kelso & Jeka, 1992, 23 
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Jeka & Kelso, 1995; Jeka, Kelso & Kiemel, 1993) were explained by a “loss of stability” 1 

mechanism, which produced spontaneous phase transitions from less stable to more stable states 2 

of motor organization with changes in critical control parameters.  3 

Together, these theoretical and empirical advances have provided a sound rationale for a 4 

nonlinear dynamics explanation of how processes of perception, cognition, decision making and 5 

action underpin intentional movement behaviors in dynamic environments (e.g., van Orden, 6 

Holden & Turvey, 2003; Turvey & Shaw, 1995, 1999). This framework proposes that the most 7 

relevant information for decision making and regulating action in dynamic environments is 8 

emergent during performer-environment interactions (see Araújo, Davids & Hristovski, 2006; 9 

van Orden et al., 2003). From this viewpoint, neurobiological systems exhibit purposive adaptive 10 

behavior from the spontaneous patterns of interactions between system components. 11 

 Traditional investigations of limited-degree-freedom actions have provided some useful 12 

models for understanding how control systems may operate during neurobiological action. But 13 

they have shed fewer insights on understanding how many biomechanical degrees of freedom are 14 

managed in complex actions prevalent in dynamic performance environments involving multi-15 

agent interactions in engineering, industrial and sport complexes (Davids, Button, Araújo, 16 

Renshaw & Hristovski, 2006). Although many initial studies of movement organisation from the 17 

perspective of nonlinear dynamics tended to favor analysis of actions involving a limited number 18 

of degrees of freedom, rather than multi-articular movement patterns (for a review of that body of 19 

work see Davids, Button & Bennett, 1999),investigation of complex multi-articular movements 20 

has proceeded rapidly in the last two decades (see for example: Vereijken, Van Emmerik, 21 

Bongaardt, Beek & Newell, 1997 in learning a ski-simulator task; Beek & Turvey, 1992 for 22 

juggling; Chen, Liu, Mayer-Kress & Newell, 2006 in learning a pedalo task; Chow, Davids, 23 
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Button & Koh, 2008 in learning to kick a soccer ball; Balasubramaniam & Turvey, 2004 in hula 1 

hooping; Broderick & Newell, 1999 in ball bouncing). Multi-articular actions have proved to be 2 

valuable research vehicles for determining how the numerous components of neurobiological 3 

systems can be brought together to form stable movement patterns. Dynamically viewed, multi-4 

articular actions represent short living excitations of movement system degrees of freedom, 5 

which are assembled and annihilated ongoingly to satisfy task and environmental constraints. 6 

Interesting issues in neurobiological coordination and control concern how the spatiotemporal 7 

diversity of interactions between motor system degrees of freedom emerges, and the nature of 8 

task, environmental or personal constraints that shape its manifestation. In particular, it is unclear 9 

what behavioral information performers exploit for parameterization of their actions, given that 10 

performance diversity arises pre-dominantly from the time varying engagement and 11 

disengagement of motor system degrees of freedom. 12 

 Degeneracy in Neurobiological Systems. 13 

 Some researchers (e.g., Braun & Wolpert, 2007) have proposed theories such as ‘optimal 14 

control’ which use the term ‘redundancy’ to explain how the motor system responds to 15 

perturbations by finding different movement solutions to achieve the same task goal. Redundancy 16 

is a common feature of engineering systems which contain additional components, not used while 17 

performing a task (as back-up against system failure) (see Newell et al., 2005). Neurobiological 18 

systems typically do not have an extra limb or organ built in which is superfluous, unlike 19 

engineering systems where it is possible for spare components to be designed into system 20 

structure. The use of the term degeneracy is more appropriate than redundancy in examining 21 

coordination in neurobiological systems (Newell, et al., 2005). Degeneracy exists at all levels of 22 

neurobiological systems and is technically defined as non-isomorphic components (dissimilar 23 
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components) producing isofunctional (similar) outcomes, effects or solutions (Tononi, Sporns & 1 

Edelman, 1999). The concept of degeneracy subserves the capacity of neurobiological systems to 2 

achieve the same or different outcomes in varying situations, with structurally different 3 

components of the musculo-skeletal sub-system (Edelman & Gally, 2001; Hong & Newell, 4 

2006). Degenerate systems demonstrate the flexibility and adaptability to organise themselves to 5 

fit continuously evolving task constraints in information-rich environments so that global 6 

movement goals can be attained (Edelman & Gally, 2001). Tononi et al. (1999) argued that 7 

degeneracy is a more likely feature of neurobiological systems than the term redundancy since 8 

neurobiological systems have a different solution for ensuring system robustness and 9 

functionality in nature.  10 

 The notion of functional degrees of freedom is not limited to anatomical degrees of 11 

freedom (see Bernstein, 1967) and underlines how degeneracy serves as a more suitable 12 

framework for understanding the concept of neurobiological degrees of freedom. Degeneracy 13 

provides the theoretical basis to describe how adaptive functional behaviors are present in human 14 

movement, most obviously when examining multi-articular actions. Furthermore, researchers and 15 

practitioners need to design experimental tasks to study how degeneracy can play an important 16 

role in the acquisition of coordination. Representative experimental tasks need to capture how 17 

information from the environment can be used to guide movement and how the control and 18 

emergence of adaptive behavior arises from the coupling of perceptual and action systems in 19 

neurobiology. Next, we elucidate the role of perception-action in effecting adaptive movement 20 

control. 21 

  22 
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Perception-Action Coupling in Multi-Articular Actions: A Nonlinear Basis for Adaptive 1 

Movement Control  2 

 An important feature of neurobiological systems is the close relationship that develops 3 

between perception (information) and action (movement) since such systems coordinate their 4 

actions with respect to the environment. This strategy exemplifies a central tenet of James 5 

Gibson’s (1979) ideas in ecological psychology: that action generates information which, in turn, 6 

supports further actions. As a result there is a direct and cyclical relationship between processes 7 

of perception and action. This position was summarized by Gibson’s (1979) view that “We must 8 

perceive in order to move, but we must also move in order to perceive” (pp. 223). According to 9 

ecological psychologists (e.g., Michaels & Carello, 1981; Withagen & Michaels, 2005), 10 

understanding how information support movement requires identification of a law of control that 11 

continually relates the present state of an individual to the state of the environment.  12 

 Because a mutual interdependency between the perception of information and the 13 

generation of movement has evolved in neurobiological systems, it has been suggested that these 14 

processes should not be studied separately (Michaels & Carello, 1981). It is imperative to 15 

understand the nature of information that is critical for regulating movement. For example, light 16 

rays reflected off the texture and surfaces of the surroundings carry valuable optical information 17 

specific to a performance context which can be directly perceived by an organism with a suitable 18 

visual system. For such optical information to be perceived, movement within the performance 19 

environment is necessary since such movements can affect the specific energy flows which 20 

become available to the performer. Information guides movement and further movement results 21 

in the availability of additional information. This direct and cyclical relationship between 22 
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perception and action is crucial for regulating action and is a feature of even apparently highly 1 

trained responses observed in skilled performers. 2 

  An elegant experimental demonstration supporting the notion of the tight coupling 3 

between the optic array and the coordination of multi-articular action was demonstrated in early 4 

research on balancing in children and adults (Lee & Lishman, 1975). In a purpose-built room, 5 

with a fixed floor and moveable walls, postural sway was induced by moving the walls slowly 6 

forwards or backwards. The direction of participants’ sway depended on the direction the walls 7 

were moved. Individuals in the swinging room experiment were not aware that the walls were 8 

being moved. They “...unconsciously and unavoidably” (Lee & Lishman, 1975, pp.162) corrected 9 

posture in order to compensate for what they perceived as forward or backward ego-motion 10 

signified by the optic flow. The displacement of the walls was closely related to the amount of 11 

postural sway exhibited by the subjects, and in some cases caused young children to fall over! 12 

Postural adjustments occurred as children attempted to compensate for illusory visually induced 13 

motion. The implication of this important study and others that followed it is that movement 14 

patterns can become finely adjusted to their environments due to the availability and exchange of 15 

energy flows with perceptual invariants (such as the rate of expansion of optical patterns from 16 

wall texture on the retina of young children). Indeed similar conclusions have been drawn about 17 

the role of optic flow in other types of multi-articular action such as gait (Bruggeman, Zosh, & 18 

Warren, 2007), locomotor pointing (Renshaw & Davids, 2004), and table-tennis strokes 19 

(Bootsma & van Wieringen, 1990). 20 

On the face of it, there may be some concerns about interpreting these ideas regarding 21 

perception and action in understanding the role of reflexive movements. This category of 22 

movements might be deemed to include only a limited range of possible behaviors in complex 23 
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human performance contexts. Furthermore, they may not be seen as highly influential in 1 

coordinating the multitude of motor system degrees of freedom involved in complex actions such 2 

as kicking a ball or hitting a target. In these complex actions, perception and action are coupled 3 

for most ongoing, regulated actions and reflexes may play a limited role in, for example, 4 

stabilising posture to prevent slipping. Despite this perspective, Withagen and Michaels (2005) 5 

have noted that “Behavior, even a reflex, constitutes a mode by which a functional relationship 6 

with the environment is established” (pp. 604). Such a view suggests how even reflexive 7 

behavior can play a functional (although indirect) role in satisfying task constraints in dynamic 8 

performance environments. 9 

Perception-action coupling presents an individual with the opportunity to engage in a 10 

creative search for functional movement solutions within the perceptual-motor performance 11 

landscape for successful movement solutions. This approach stresses the need to view movement 12 

variability as the basis of creativity in performance. This is because different sources of 13 

perceptual information present different affordances for performers to execute specific movement 14 

behaviors, exemplified by data of Hristovski et al. (2006a) which demonstrated how changes in 15 

specific striking distances to a target afforded different adaptive striking patterns (i.e., perception 16 

guiding action and vice versa).    17 

 In their recent investigation of the hand-striking actions in novice boxers (Hristovski, 18 

Davids & Araújo, 2006a) reported that the nature of information-movement coupling established 19 

during learning was sensitive to small changes in the scaled distance from a target which they 20 

were required to strike. Continuous as well as abrupt changes of the set of possible actions 21 

emerged as a control parameter (scaled distance) was continuously varied. The whole dynamical 22 

landscape of actions altered for small changes in control parameter values which led to 23 
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continuous and abrupt changes of action unpredictability and diversity as measured by entropy 1 

and symmetry values. This many-to-one mapping between the movement and goal spaces was 2 

explained as a consequence of the meta-stable dynamics of the perception-action system in 3 

boxers, which supported the discovery of afforded actions during practice (Hristovski, Davids & 4 

Araújo, 2006b). The analyzed temporal characteristics of the striking actions (Hristovski, Davids 5 

& Araújo, 2006c) revealed another type of meta-stability present in the perception-action systems 6 

of the boxers (Figure 1a). The inter-strike time intervals showed a well defined bimodal 7 

distribution which differentiated the meta-stable areas of phase - free actions and the anti-phase 8 

locked actions. In other words, the movements of the upper limbs of the boxers switched 9 

intermittently from an uncoupled state (phase free branch) to an anti-phase coupled state. This 10 

short term coupling and decoupling (i.e., flexibility) of the upper limb actions is a hallmark of 11 

extant meta-stable dynamics of actions as observed in previous research (e.g., Fingelkurts & 12 

Fingelkurts, 2004; Kelso, 2002).  13 

  14 

***Insert Figure 1a and 1b about here*** 15 
 16 

 17 
. 18 
 Analysis of the conditional probability landscape (see Figure 1b) revealed the existence of 19 

islands of highly coupled and less coupled actions immersed in a sea of undiscovered sequential 20 

combinations spreading between them, showing that the evolutionary stabilized action 21 

combinations (such as left-right hand strikes) dominated over other combinations, reducing to a 22 

degree the flexibility of the sequential behaviors of novice boxers. Meta-stability was also present 23 

in the sequential hand-striking behavior as revealed by autocorrelation analysis. Although lag 1 24 

sequences were dominant, other short term memory sequences starting from purely random to 25 
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those up to lag 4 (so called motifs) were also observed. This finding pointed to the fact that the 1 

boxers’ action systems were highly diverse during the production of striking behavior. The 2 

variability of the sequence memory length, that is, the variability of the strength of the temporal 3 

couplings between actions was another hallmark of the extant meta-stability and consequently 4 

diversity of the perception-action system.  5 

 These results corroborated the hypothesis that it is not the stability of action that 6 

characterizes neurobiological coordination and control, but meta-stability. Meta-stability is the 7 

region of the performance landscape in which a neurobiological system is poised between 8 

stability and instability and is ready for a phase transition to a new state of organisation. It results 9 

in the spatio-temporal diversity of actions, and is the platform for creativity, since rich and varied 10 

behaviors can emerge in this region, as observed in emergence of new solutions to the task goal. 11 

In non-cooperative situations, system meta-stability, as a generic dynamical mechanism, is of 12 

crucial importance for obvious reasons – mode locked perseverance behaviors would make the 13 

organism highly predictable and less functional. As we noted earlier, the robust many-to-one (i.e., 14 

degenerate) mappings from the action to the goal performance space, which was revealed in this 15 

line of investigation, presents a highly adaptable and probably evolutionary stabilized way of 16 

dealing with ever-changing non-cooperative environments.  17 

 The reciprocal nature of the information-movement relationship has also been 18 

demonstrated in learning studies that have required the manipulation of an external object over a 19 

period of practice. In a recent study, Liu et al. (2006) investigated novice participants learning a 20 

roller ball task. Specifically, each participant was required to manipulate a roller ball, which is a 21 

spinning top whose axis of rotation can move freely in a circular groove inside a spherical shell. 22 

The objective of the task was to move the arms holding onto the roller ball such that the top 23 
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within the spherical shell of the ball can spin about its axis (or the axis can also rotate in the 1 

groove of the shell). With appropriate arm movements, energy can be transferred to the ball by a 2 

component of the hand rotation vector that is perpendicular to the axis of rotation of the ball (see 3 

Liu et al., 2006). The task is multi-articular in the sense that many different joints of the upper 4 

body can be recruited to elicit the necessary (and identical) angular acceleration of the top with 5 

the roller ball. 6 

By attaching an accelerometer to the roller ball, a range of functional hand movement 7 

trajectories were observed in the task. The data showed that a linear, oscillatory movement was 8 

just as functional as a circular wrist motion (theoretically optimal for this task). The linear 9 

oscillatory arm movements of participants supported energy transfer in periodic pulses likened to 10 

a parametrically-excited oscillator. In this way, amplitude of the roller ball oscillation increased 11 

as long as there was adequate energy transfer from the arm movements to the roller ball to 12 

overcome any frictional losses to kinetic energy. From the data, Liu et al. (2006) were able to 13 

support the idea of a synergetic relationship developing between feedback on the rotation of the 14 

ball axle and the requirement of the participants to inject energy into the system. The findings 15 

suggested that perception for action is not unilaterally dependent on visual information alone but 16 

to energy flows emanating to all senses that a neurobiological system can attune to (in the roller 17 

ball case, visual and haptic flows). Such adaptive behaviors emerge from the cyclical relationship 18 

of perception and action, which is underpinned by degeneracy in neurobiological nervous 19 

systems. This cyclical relationship informs performers about adaptive movement behaviors that 20 

can be functional in meeting a specific task goal. In the following section, we elucidate how 21 

degeneracy in complex systems supports the emergence of variable movement patterns from the 22 

rich interactions of task, environment and performer constraints.        23 
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 Emergence of Adaptive Behaviors in Rhythmic and Discrete Multi-Articular Actions: The 1 

Role of Degeneracy 2 

 As we have already noted, investigations of multi-articular actions presents an 3 

opportunity to understand the role of degeneracy in neurobiological systems, which is less likely 4 

to be manifested in single-joint movements involving limited degrees of freedom. Here, we 5 

discuss some empirical findings from studies of neurobiological degeneracy and movement 6 

behaviors.  7 

In a ski-simulator coordination acquisition task (Hong & Newell, 2006), male novice 8 

participants were instructed to produce as much lateral movement with a large amplitude as 9 

fluently as possible by pushing the platform with their legs against springs located in the 10 

apparatus. The aim of the study was to examine changes in the coordination pattern at the global 11 

order parameter level. Order parameters capture the collective state of the system, which in this 12 

case was the coupling of the frontal plane angular motion of the centre of mass (COM) and the 13 

simulator platform. In this study, this coupling was related to concurrent changes at the local 14 

inter-and intra-limb level. The selection of this multi-articular movement task for analysis was 15 

based on the understanding that movements on the ski-simulator can be performed successfully 16 

with both in-phase (phase relationship between the angular motion of the platform and COM on 17 

the horizontal plane approximates to 0°) or anti-phase (phase relationship between the angular 18 

motion of the platform and COM on the horizontal plane approximates to 180°) movement 19 

patterns.  20 

The data showed how different learners were able to use different inter-limb coordination 21 

dynamics to achieve global changes in movement outcomes on the ski-simulator. Specifically, 22 

both in-phase and anti-phase knee motion relations were observed across different learners while 23 
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the desired coupling between the centre of mass and the ski platform was maintained. So, locally, 1 

the joint relations were organized differently although similar functional performance outcomes 2 

were observed globally. Interestingly the pathway to preserving the global dynamics of the task 3 

was different across participants, illustrating the functional role played by degeneracy in complex 4 

neurobiological systems.  5 

 Although these initial investigations of degeneracy in neurobiological systems have 6 

involved examination of continuous rhythmical movements (see Hong & Newell, 2006; Liu et 7 

al., 2006), investigating degeneracy in neurobiological systems provides quite different 8 

challenges and insights when studying discrete multi-articular tasks. As pointed out by Davids et 9 

al. (1999) and more recently by Jirsa (2005), it remains to be seen if the insights from a nonlinear 10 

dynamics analysis of rhythmic movements can be translated to explain coordination development 11 

and changes in discrete movements (see Hogan & Sternard, 2007 for a discussion on defining 12 

rhythmic and discrete movements).  13 

Due to this limitation in extant research, we have begun to investigate this issue in a 14 

progam of studies involving discrete multi-articular actions (soccer kicking, basketball shooting 15 

and punching in the martial arts) as research vehicles. For example, Chow, Davids, Button and 16 

Koh (2006) observed coordination of a lower-limb interceptive action (soccer chipping) in male 17 

expert players. The task goal required the players to kick a ball over a height barrier (horizontal 18 

bar of 1.6m in height supported by two poles) to a designated receiver (an individual placed 12m 19 

from the ball kicking position). No explicit instructions were provided to participants about the 20 

kicking techniques required and they were only shown a video film capturing ball flight onto the 21 

receiver’s feet to ensure understanding of the task outcome goal. All participants performed 10 22 

kicking trials after a series of 5 warm-up kicks. Using advanced 3D motion capture analysis, key 23 



 19 

kinematic variables of the kicking limbs were recorded and subsequently analysed. Quality 1 

measures of performance outcome of the kicking task were determined via a likert-scoring scale 2 

based on the accuracy and weighting of the passes to the receiver (see Chow et al., 2006 for more 3 

information).  4 

 It was observed that all expert players were equally proficient at satisfying the task goal, 5 

evidenced by high performance outcome scores for the task. However, coordination profiling 6 

(closer examination of the movement kinematics of individual performers) revealed that some of 7 

the experts adopted varying coordination patterns in meeting the task goal. Two of the experts 8 

demonstrated whole body displacement of COM that was translating forward, while two other 9 

players demonstrated upward COM displacement prior to ball contact. The remaining expert 10 

player showed upward and forward COM displacement characteristics. Examination of data on 11 

the planting position of the non-kicking foot also provided evidence of differences between the 12 

expert players in the coordination pattern adopted for the kicking task. One of the experts 13 

distinctly placed the planting foot forward and to the side of the ball prior to ball contact. Closer 14 

examination of the 15-segment, full-body model constructed from the motion capture system 15 

revealed that the same expert performed the soccer chip with an angled kicking motion, 16 

contacting the ball with the inside of the foot. This individual exhibited a hybrid pattern of a 17 

‘traditional’ soccer chip and an instep drive as described in soccer coaching manuals (see 18 

Hargreaves, 1990). So, while the elite players were able to meet the task goal effectively, they 19 

demonstrated a variety of adaptive behaviors, dismissing the notion of the existence of ideal 20 

‘expert’ movement pattern, towards which all learners should aspire (see Ball, Best, & Wrigley, 21 

2003; Brisson & Alain, 1996). These findings of Chow et al. (2006) reinforced understanding of 22 

how neurobiological systems can exploit system degeneracy in the face of constant task 23 
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constraints. Coordination profiling of experts in that study revealed that, even in elite players, 1 

different movement solutions were adopted by different individuals to achieve the same specific 2 

task goal.  3 

          Another investigation in the research program provided insights into performance a group 4 

of novice male participants required to kick a ball accurately and appropriately weighted over a 5 

height barrier (Chow, Davids, Button & Koh, 2008). These individuals practised this soccer 6 

kicking task for 4 weeks with a total of 12 practice sessions. According to Bernstein (1967), 7 

changes to motor system degrees of freedom can be identified with acquisition of movement 8 

coordination and a three-stage model was proposed. At the early stage, coordination solutions are 9 

employed that reduce the number of degrees of freedom involved at the periphery to a minimum. 10 

The second stage is characterised by increasing the involvement of the constrained degrees of 11 

freedom in task performance. At this stage, all possible degrees of freedom are incorporated in 12 

movement coordination. The last stage of coordination acquisition is characterised by the learner 13 

utilising and exploiting the reactive forces that arise from the interaction of the learner with the 14 

environment (e.g., from segmental interactions and friction).  15 

 In Chow et al. (2008), it was observed that there were actually no common pathways of 16 

change in coordination across all participants. The predicted global pathway of change, 17 

characterised by reduced or increased degrees of freedom involvement and proximal-to-distal 18 

patterns of joint release, was absent. The findings suggested that directional change in degrees of 19 

freedom is dependent on task relevant intrinsic dynamics, highlighting a key role that the task-20 

performer interaction plays in influencing the pathway of change for using relevant degrees of 21 

freedom during learning. So, while performance improved for all participants by the end of the 22 

practice sessions, different movement patterns were adopted by different individuals during 23 
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different periods of the intervention phase. Such adaptive behaviors are a consequence of the 1 

dynamic task-environment-performer interactions that occur in a skill acquisition setting. The 2 

functional role of degeneracy was evidenced by the different trends in change to joint range of 3 

motion and joint couplings shown by the participants as a consequence of practice. Moreover, the 4 

acquisition of coordination by the novice participants was regulated by the task goal in the 5 

absence of explicit instructions about optimal kicking techniques. Interestingly, some participants 6 

were able to explore and adapt individual-specific movement patterns such as a ‘scoop-like’ 7 

kicking action (rather than a chipping technique demonstrated by expert players in Chow et al., 8 

2006) as a functional solution for achieving the task goal. The nature of the discrete multi-9 

articular task, with rest intervals between each kicking trial, may have facilitated the role of 10 

intentional constraints on the performer in shaping the altering coordination dynamics during 11 

practice. These observations provide a viable platform for further research on the task dynamics 12 

differences between discrete and continuous rhythmic actions and their emergence in degenerate 13 

neurobiological systems during practice. 14 

 Another study conducted in our laboratory investigated effects of altering throwing 15 

distance on movement patterning in a basketball hook shot task. The study looked at participants 16 

with skill levels ranging from professionals players to complete novices. Shooting distance was 17 

varied between 2m and 9m and was first increased until 9m distance and subsequently decreased 18 

with increments of 1m each. All participants performed 10 shots individually from each distance 19 

during both conditions. Movement patterning was recorded using a 12-digital camera motion 20 

capturing system which enabled analysis of full-body kinematics. The experiment was set up in 21 

order to mimic scaling experiments typically used in studies of bimanual movements from a 22 

coordination dynamics perspective (see Kelso, 1995). As pointed out earlier, studies of discrete, 23 
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multi-articular actions are sparse and currently several investigators have challenged the notion of 1 

the existence of common control processes for discrete and rhythmical movements (Schaal, 2 

Sternad, & Kawato, 2004; Wimmers, Savelsbergh, Beek & Hopkins, 1998). 3 

 The results of our study highlighted the apparent differences between discrete, multi-4 

articular actions and movement models which involve fewer biomechanical degrees of freedom 5 

such as rhythmical finger flexion-extension movements, where patterning typically exhibits a 6 

bimodal layout (e.g., Haken, Kelso & Bunz, 1986). Only two out of the eight participants 7 

exhibited phase transitions between two different movement patterns, indicating a bimodal 8 

attractor layout. The transitions did not exhibit a simple relationship between preferred movement 9 

patterns and throwing distance, but appeared to depend strongly on the direction of change in 10 

throwing distance. One of the participants, an expert performer, showed a transition between 11 

movement patterns whilst increasing throwing distance and maintained the newly adopted 12 

movement pattern until the end of the experiment. In contrast, a novice participant exhibited a 13 

phase transition only whilst decreasing throwing distance.  14 

This phenomenon currently cannot be easily explained from a nonlinear dynamics 15 

perspective. Typically, loss of movement stability serves as a trigger for phase transitions 16 

between preferred movement patterns (Schöner & Kelso, 1988). In the present experiment, in 17 

both performers increasing movement variability accompanied the transitions between preferred 18 

movement patterns. For the expert performer, the results mirrored hysteresis effects found 19 

previously in various bimanual movements. However, in the case of the novice performer the 20 

phase transitions occurred from the stable to the less-stable movement pattern since the first 21 

pattern was previously used across all throwing distances. This observation raised the question of 22 

the novice being able to subsequently stabilize the second pattern. Perhaps one of the key 23 
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differences between movements involving multiple and fewer biomechanical degrees of freedom 1 

is that a greater number of available degrees of freedom may enable the performer to better 2 

influence movement stability and adapt to task constraints using degenerate behavior. 3 

 Analysis of the kinematics of the remaining participants, which did not reveal phase-4 

transition behavior, indicated continuous adaptations of a single preferred movement pattern 5 

across all throwing distances. However, the adaptations did not follow a simple up- and down-6 

scaling but were dependent on the direction of change of throwing distance. Thus, movement 7 

patterning exhibited a history-effect where subsequent movement patterns exhibited greater 8 

similarity compared to movement patterns from the same throwing distances but from different 9 

direction conditions. This phenomenon is also indicative of a hysteresis effect but without an 10 

accompanying global reorganization of movement patterning present during phase transitions. 11 

Further, when comparing movement patterns made from the same throwing distances at the 12 

beginning and the end of the experiment, three out of six participants exhibited considerable 13 

differences in movement patterning. Again, this observation indicates how degeneracy supports 14 

greater potential for adaptations needed in performance of multi-articular actions. 15 

 The results suggest that adaptation strategies due to changes in task-constraints for 16 

discrete, multi-articular actions can be very different compared to strategies observed in studies 17 

of movement models with limited biomechanical degrees of freedom. It appears that performers 18 

are able to individually exploit the properties of the task if task constraints allow to them to do so. 19 

Accordingly, once physical degrees of freedom constraints are released, performance becomes 20 

much more variable between and within individuals, highlighting the degeneracy of 21 

neurobiological systems under the influence of varying task constraints. This finding further 22 

supports the need to study more complex movement models.  23 
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Effect of Decaying and Emerging Constraints on the Emergence of Adaptive Behaviors   1 

 As mentioned earlier in the introduction, Guerin and Kunkle (2004) highlighted how task 2 

constraints are dynamic and can emerge and decay over time. From the perspective of nonlinear 3 

dynamics, the decay and emergence of constraints may play a pertinent role in the acquisition of 4 

coordination and could be a feature of adaptive behaviors in the interaction between 5 

neurobiological systems and the learning environment. In order to investigate how learners adapt 6 

to emerging and decaying task constraints within the same learning context, we examined how a 7 

novice practised kicking a ball over a height barrier onto specific targets for 12 practice sessions 8 

over a four-week period (similar to the task design of Chow et al., 2006). Height and accuracy 9 

constraints were evident in the kicking task, as the participant attempted to kick the ball over a 10 

bar (height constraint) so that it landed on specific target positions (accuracy constraint). 11 

Performance outcome score (PC) was assessed against a rating scale (5 point Likert Scale) and 12 

percentage of successful kicks (PSK) over height barrier was also determined. Performance 13 

measures were determined over 480 practice trials. Spearman’s ρ correlation ratio between PC 14 

and PSK was calculated to provide an indication about the nature of the interaction between 15 

height constraint and accuracy constraint.  16 

 17 

***Insert Figure 2a and 2b about here*** 18 
 19 

 From Figure 2a, it can be seen that percentage PSK remained low (<50%) for the first two 20 

sessions but increased quickly thereafter to around 90% by session 4, indicating that height 21 

constraint was a challenge during practice sessions 1 and 2. It was possible that the participant 22 

was exploring ways to get the ball over the height barrier early in learning (practice sessions 1 23 

and 2) but was subsequently able to achieve more success beyond session 2. Sessions 5, 6 and 7 24 
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showed a slight decrease in PSK (although still much higher than in session 1 and 2) with a low 1 

positive correlation ratio, indicating that a decrease in PSK has a low interaction with a decreased 2 

performance score. This observation suggested that the participant was coping with the accuracy 3 

requirements of the task and that at that particular point in time, the height constraint was less 4 

important or decaying. Clearly, even though PSK dipped, it was not a major factor in affecting 5 

the decrease in performance score (see Figure 2a and 2b). At this juncture (from session 5 to 7), 6 

the participant was attempting to improve accuracy since he was quite successful in kicking the 7 

ball over the bar, indicating that the accuracy constraint was emerging as more important. The 8 

slight dip in PSK from session 5 to 7 could have been a consequence of the participant attempting 9 

to improve accuracy which resulted in some compensation of height clearance. From session 8 10 

onwards, performance scores increased, possibly as a result of improvement in both height 11 

clearance (PSK) as well as accuracy (see Figure 2b). Interestingly, at post-test, the correlation 12 

ratio was lower (0.392), suggesting that improvement in height clearance was weakly related to 13 

improvement in performance score. This observation suggested that the higher performance score 14 

achieved (2.5) was a consequence of the participant being more accurate rather than as a result of 15 

improvement in height clearance. Certainly, by the post-test, height clearance was less of a 16 

challenge (the height constraint had clearly decayed) and the participant was improving in 17 

accuracy as well.    18 

 Overall, these results suggested how the participant initially focused on kicking the ball 19 

over the bar to satisfy height constraints, with little concern for accuracy. Subsequently, as he 20 

was able to clear the height barrier more consistently and successfully, he concentrated on 21 

ensuring that the ball landed accurately on the target. Specifically, the height constraint decayed 22 

in importance and the accuracy constraint emerged as increasingly more pertinent (see Figure 3). 23 
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 From a nonlinear dynamics perspective, the decay or emergence of task constraints 1 

demonstrated that constraints on behaviors dynamically evolve over time and should not be 2 

viewed as permanent (see Guerin & Kunkle, 2004). Rather, constraints on learning are 3 

temporary, and during person-environment interactions, they strengthen or decay on different 4 

timescales (Chow et al., 2006). An emerging constraint will channel the performer to explore and 5 

search for more functional movement solutions to achieve the task goal as demonstrated in the 6 

kicking study. The presence of decaying or emerging constraints provides an important platform 7 

for nonlinear degenerate neurobiological systems to exploit adaptive goal-directed behavior. 8 

Emerging or decaying constraints can channel learners into meta-stable regions of the perceptual 9 

motor workspace in which degenerate movement behaviors might assist achievement of specific 10 

task goals. During practice, initial evidence has been found that different constraints will increase 11 

or decrease in importance in shaping learners’ movement behaviors over time. In the following 12 

section, we specifically explore how nonlinear dynamics can be used to examine changes in 13 

adaptive coordination for multi-articular actions with practice.  14 

 15 

***Insert Figure 3 about here*** 16 

 17 

Acquisition of Coordination in Nonlinear Neurobiological Systems 18 

 From a nonlinear dynamics perspective, motor learning or acquisition of coordination is 19 

viewed as a process of searching for appropriate attractors, specific coordination patterns for a 20 

skill, into which a system can settle during a task or activity (Button, Chow & Rein, 2008). 21 

Research has shown how the tendency of nonlinear, degenerate neurobiological systems to adapt 22 

their movement patterns to satisfy changing organismic, task and environmental constraints 23 
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provides a basis for the acquisition of new patterns of coordination. As with the study of 1 

inanimate, nonlinear dynamical systems, particular interest has focused on the phase transitions 2 

that can emerge spontaneously in neurobiological systems (e.g., Carson, 1996; Carson & Riek, 3 

1998; Kelso, 2008; Kelso, Bressler, Buchanan, DeGuzman, Ding, Fuchs & Holroyd, 1992; Kelso, 4 

Scholz & Schöner, 1988). Specifically, acquiring a new pattern of coordination is viewed as the 5 

transition from one stable state of organisation towards another (Beek & van Santvoord, 1992; 6 

Mitra, Amazeen & Turvey, 1998; Schöner, Zanone & Kelso, 1992; Zanone & Kelso, 1992). This 7 

transitional process encompasses a refinement in intrinsic dynamics, which represent the 8 

learner’s inherent coordination tendencies resulting from a mix of innate biological constraints, 9 

development and previous learning (Huys, Daffertshofer & Beek, 2004). At the behavioral level, 10 

during skill acquisition, the intrinsic dynamics of the learner are modified and adapted to generate 11 

a functional coordination state that will meet the dynamics of a new task goal.  12 

 The process of change within the learner’s intrinsic dynamics can be seen as a 13 

competition between the ‘instructed’ new coordination state and the current preferred 14 

coordination tendencies of the system, with a subsequent modification of intrinsic dynamics as a 15 

product of learning (Schöner & Kelso, 1988; Zanone & Kelso, 1992, 1994, 1997). Learning alters 16 

the performance of the to-be-learned pattern and changes the entire layout of the coordination 17 

dynamics (Schöner et al., 1992). So, acquiring a new skill is not just about attaining the new 18 

movement pattern. As a new movement is acquired in a particular learning environment and 19 

under specific task constraints, the intrinsic dynamics of the learner also change as a consequence 20 

of the learning experience. In this sense, acquisition of coordination is perceived to be an ongoing 21 

process to satisfy the dynamically interacting constraints of the performance context (Newell, 22 

1986).  23 
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 Acquisition of movement coordination is not typically a linear process. Instead, 1 

depending on the strength of cooperative and competitive mechanisms, it may involve nonlinear 2 

and abrupt transitions, progressions and regressions (Kelso, 2003; Liu, Newell & Mayer-Kress, 3 

2006; Newell, Liu & Mayer-Kress, 2001, 2003). Previously, a power law for learning was seen as 4 

best describing the global pathway of change during learning (A. Newell & Rosenbloom, 1981; 5 

Salmoni, 1989). However, previous methods for investigating human movement coordination 6 

research may have inadvertently presented a skewed view that the power law for describing 7 

behavioral change is the most accurate reflection in examining learning. Specifically, averaging 8 

data across participants or across large number of trials may mask the persistent changes (i.e., 9 

long term changes) and transient changes (i.e., trial to trial alterations) which could reflect 10 

pathways of change other than the power law commonly reported. In addition, the investigation 11 

of coordination acquisition with a single or short practice time might have also influenced the 12 

effective interpretation of learning progression (Newell et al., 2001). Dynamical systems theory is 13 

well placed to account for the nonlinear interactions that occur during coordination acquisition, 14 

resulting in other learning curves described by exponential functions, hyperbolic functions, 15 

logistic functions and functions with discontinuities emerging (Newell et al., 2001, Stratton et al., 16 

2007). Particularly, any specific learning function that emerges is a consequence of the 17 

interaction of dynamical subsystems, with each having its own time scale of change.      18 

 Liu et al. (2006) provided some support for ideas on the acquisition of coordination based 19 

on concepts in nonlinear dynamics through her investigations on learning a roller ball task. They 20 

found that distinct groups of learners demonstrated different qualitative (movement dynamics) 21 

and quantitative (performance) outcomes. The most successful learners were able to show 22 

functional arm movement patterns to accomplish a successful task outcome in terms of an 23 
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effective roller ball acceleration profile. In an intermediate skill group, some improvement in the 1 

acceleration profile was observed but there were no clear changes in the arm movement 2 

dynamics. For the least successful participants, no quantitative or qualitative changes were 3 

observed. See Figure 4. Interestingly, it was also reported that a bifurcation between coordination 4 

modes was accompanied by quantitative improvement of ball acceleration in the most successful 5 

participants. Moreover, there was an increase in variability of the ball acceleration that preceded 6 

the bifurcation in the coordination modes highlighting the functional role of variability in 7 

effecting changes in neurobiological systems (Liu et al., 2006).  8 

 9 

***Insert Figure 4 about here*** 10 

 11 

Haibach, Daniels and Newell (2004) also observed that learners displayed more 12 

variability in juggling motion at the beginning of practice in a cascade juggling task. As learning 13 

progressed, less variability and a more constrained pattern emerged that was similar to an expert 14 

model. Although variability that is intrinsic in the juggling motions decreased throughout the 15 

learning process and was even present for experts (Beek & Lewbel, 1995), the presence of 16 

variability early in learning may indicate that learners were searching for coordination solutions 17 

to meet the task goal of juggling. In their study, there were strong indications of a nonlinear 18 

transition in terms of coordination solutions between three to four catches early in learning. It is 19 

noteworthy that previous unpublished research (reported in Haibach et al., 2004) indicated that 20 

the transition from ball 3 to ball 4 was a critical feature in learning to cascade juggle. In the study 21 

by Haibach et al. (2004), no analysis was undertaken on the presence of high movement 22 

variability and subsequent transitions to juggling improvement. An interesting question concerns 23 
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whether high movement variability could be a pre-cursor to a phase transition between preferred 1 

coordination states in learning. The indication that high movement variability could facilitate a 2 

change in coordination by increasing system instability might provide important insights into 3 

understanding of individual differences in rates of learning during practice. 4 

 Our research program on the kicking action has examined the role of movement pattern 5 

variability in effecting change in coordination as a function of practice (see Chow, Davids, 6 

Button & Rein, 2008). Kinematic data on key joints used in the kicking action for male novice 7 

participants were determined through 3D motion capture. Subsequently, cluster analysis 8 

procedures (see Jaitner, Mendoza & Schöllhorn, 2001; Schöllhorn, 1998) were administered to 9 

establish clusters of preferred movement patterns during 4 weeks of practice comprising 12 10 

practice sessions with 40 kicking practice trials per session. Using an intra-individual design, 11 

changes in movement patterns were plotted per session for all 12 practice sessions. Variability in 12 

movement patterns was determined through a switch ratio analysis adopted from Wimmers et al. 13 

(1997). The higher the switch ratio, the greater the variability for movement patterns within the 14 

session.  15 

 In the data it was observed that performance improved from early to late practice sessions 16 

for all participants. In more successful participants, there was an increase in movement pattern 17 

variability within sessions prior to a change to a preferred movement pattern. This increase in 18 

movement pattern variability might serve to increase system instability as a pre-cursor to a phase 19 

transition. It could signal the presence of an exploratory phase in a participant searching for a 20 

new preferred movement pattern, rather like increasing critical fluctuations signal a transition 21 

between stable attractor states in dynamical systems. In contrast, less successful participants 22 

showed little evidence of increased variability in movement patterns within or between sessions. 23 
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They evidenced less movement pattern exploration during practice and failed to show preferred 1 

movement pattern changes. See Figure 5.   2 

 3 

***Insert Figure 5 about here*** 4 

 5 

 These data highlight how support for a functional role of variability in motor control is 6 

increasing. Increased variability allows the learner to explore movement solutions within the 7 

perceptual-motor landscape more effectively in specific task contexts to meet the task goals 8 

(Davids, Shuttleworth, Button, Renshaw & Glazier, 2003; Handford et al., 1997; Kelso & Ding, 9 

1993; Newell & Corcos, 1993; Riley & Turvey, 2002; Schöllhorn, 2002; Stergiou, Harbourne & 10 

Cavanaugh, 2006; Thelen & Smith, 1994). Variability in neurobiological systems offers flexible 11 

and stable adaptation for control of movement (Liebovitch, 1998; Mitra, Riley & Turvey, 1997; 12 

Rosengren, Savelsbergh & van der Kamp, 2003), which can be crucial in skilled performance. 13 

Typically, no explicit instructions were provided to the novice participants in this program of 14 

research and the acquisition of new preferred movement patterns was the result of adaptive 15 

changes to coordination based on the interaction of the performer, environment and the task 16 

constraints. 17 

Again, these findings emphasised the role of degeneracy in neurobiological systems 18 

where different individuals could employ varied movement behaviors to achieve the same task 19 

goal. The adaptive behaviors that emerged during practice did not follow a common pathway of 20 

change across all participants, highlighting the degenerate qualities in successful learning, 21 

neurobiological systems.     22 

 23 
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Conclusion 1 

 Coordination in neurobiological systems can be viewed as a dynamical nonlinear process, 2 

the emergence of which occurs as a consequence of multi-faceted interactions between system 3 

components. Extant research is showing that key concepts in nonlinear dynamics can be used to 4 

describe coordination and control of multi-articular actions in neurobiology. In this paper, we 5 

have discussed empirical evidence exemplifying how processes of perception, decision-making 6 

and action are (i): examples of adaptive behavior; (ii) mutually enabling and “embodied” within 7 

the performer-environment system; (iii) function in a task-specific manner; and (iv), dependent 8 

on nested, interacting constraints inherent to specific performance contexts.  Degeneracy, which 9 

captures the flexibility and adaptability available to neurobiological systems, demands further 10 

empirical work to understand how elements that are structurally different can perform similar 11 

functions to achieve the same task goal (see Edelman & Gally, 2001). So, while consistency in 12 

movement has often been suggested as a quality that skilled performers should possess, it is the 13 

meta-stability of the perception-action system in neurobiology that allows creativity and diversity 14 

of actions to make movements adaptable to varying performing conditions. Through examination 15 

of meta-stability in neurobiological systems we can begin to understand how constraints on 16 

coordination are usually temporary and could decay or emerge as a function of time as well as 17 

practice.       18 

 Important tasks for future behavioral research on coordination include developing new 19 

analysis tools that are suited to data sets that are longitudinal, nonlinear, and multivariate in 20 

nature. This suggestion is exemplified by some of the innovative methods of analysis employed 21 

in recent studies of skill acquisition (e.g., Chow et al., 2008, Liu et al., 2006). Furthermore, 22 

theorists must consider how the modelling of multi-articular movements needs to build on that of 23 
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pioneering attempts such as the HKB model for bimanual, rhythmical actions (Haken, Kelso & 1 

Bunz, 1985). Indeed developments in this field will need to consider how to incorporate the 2 

behavioral features discussed in this article such as information-movement coupling, degeneracy, 3 

and decaying/emerging constraints on performance. Clearly multi-articular movements demand 4 

sophisticated mathematical models that cannot rely solely on the underpinning assumption of two 5 

coupled, periodic oscillators driving behavior. Finally, continued research is required to identify 6 

the information sources that learners attune to in exploring the perceptual-motor landscape. It has 7 

been suggested, for example, that focussing one’s attention on the external effects of an action 8 

(e.g., the trajectory of a chipped soccer ball) is a more beneficial strategy than focussing 9 

internally on the body parts required to produce that movement (for an overview see Wulf, 2007).  10 

 11 

 12 

13 
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Figure Captions 1 

Figure 1a and 1b. (A) Two meta-stable branches of the inter-strike time intervals with an unstable 2 

(repelling) region between them as a function of the scaled performer-target distance. The 3 

double-headed arrows represent the extant switching between the phase free and anti-phase 4 

locked modes of behavior. (B) The conditional probability landscape of the hand-striking 5 

combinations as a function of the scaled distance 6 

Figure 2a and 2b. (A) Percentage of successful kicks over height barrier and (B) performance 7 

scores of participant as a function of practice 8 

Figure 3. Conceptual illustration of emerging and decaying constraints as a function of practice 9 

Figure 4. Differences in quantitative and qualitative changes among participants in a roller ball 10 

task as a function of practice. Change in average acceleration from negative to positive values 11 

indicates a qualitative change and significant changes in average acceleration over trials indicates 12 

a quantitative change. (A) Participant showing both quantitative and qualitative changes. (B) 13 

Participant showing only quantitative changes. (C) Participant showing no quantitative and 14 

qualitative differences. Figure is adapted from figures published in Liu et al. (2006). Liu, Y. T., 15 

Mayer-Kress, G., & Newell, K. M. Qualitative and quantitative change in the dynamics of motor 16 

learning. Journal of Experimental Psychology: Human Perception and Performance, 32(2), 380-17 

393. 2006, APA, adapted with permission.  18 

Figure 5. Distribution of movement clusters over practice sessions for representative participants 19 

who demonstrated high and low movement pattern variability before the acquisition of a new 20 

movement pattern. Number of trials per session is shown on the x-axis. Movement clusters for 21 

each session is shown on the y-axis. (A) High movement pattern variability for Participant 1. (B) 22 

Low movement pattern variability for Participant 2. (Figure adapted from Chow et al., 2008) 23 
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Figure 2a and 2b. 1 
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Figure 4. 1 
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Figure 5. 1 
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