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Abstract 
 
The following document repots the findings from the work on the constraints, characteristics, and 

representation of motor primitives in human participants. Section 1 of the deliverable concerns the 

biomechanical and cognitive characteristics to motor primitives. Specifically, the work of the SLF 

group concerns the biomechanical characteristics of motor primitives relating to the dimensionality 

of torque and muscle patterns, estimation of forces associated with muscle synergies, and the 

biomechanical constraints on locomotion. In addition, two studies from the UniTu are reported. The 

first study investigates the EMG activity of well-understood motor tasks (elbow flexions and 

extensions), aiming at the clarification of motor features which can be characterized by different 

kinds of muscle synergies. The second study investigates how walking and reaching are coordinated 

using a novel experimental paradigm and presenting a new method for the extraction of kinematic 

primitives. Additionally, the work of the UniBi group is presented relating to the identification and 

classification of cognitive primitives over the course of motor learning, the influence of instruction 

type on the development of cognitive primitives, the overlap between primitives on a cognitive and 

motor level, and finally the constraint of anticipation on movement sequencing. In Section 2 of the 

deliverable, the interaction of complex action with cognitive processes in the anticipation of 

perceptual action effects and goals is explored. First, the work of the UniBi group is presented. This 

work covers the findings from a series of studies that investigate the overlap between long-term and 

working memory processes involving grasping postures. Next, the influence of anticipation on 

priming domain relevant knowledge representations is explored. Following, the work of the UniTu 

group is presented. Building off of the locomotion and grasping work conducted by the UniBi 

group (Land, Rosenbaum, Seegelke, & Schack, 2013), UniTu examines a novel way to model the 

locomotion and goal-directed grasping actions captured from the MOCAP data of humans.  
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1 Biomechanical and Cognitive Characteristics of Motor Primitives 
Section 1 of the deliverable concerns the biomechanical and cognitive characteristics and 

constraints to motor primitives. First, the work of the SLF group is presented. This work covers the 

findings from a series of studies that investigate the biomechanical characteristics of motor 

primitives relating to locomotion and arm control. Following, the work of the UniTu group is 

presented, which investigates the potential physiological meaning of motor primitives associated 

with simple and complex, multi-goal movements. Finally, the work of the UniBi group is presented 

which covers the cognitive characteristics of the development of motor primitives. In doing so, a 

new method for examining the overlap between cognitive and motor primitives is proposed. Finally, 

the constraints on movement sequencing deriving from anticipation are presented. 

1.1 Biomechanical characteristics of motor primitives (SLF) 

1.1.1 General introduction 
 

Motor primitives as muscle synergies or temporal components, identified from electromyographic 

signal recorded during many different motor skills (see Deliverables 1.1, 1.2, and 1.3), generate 

forces and movements through a complex musculoskeletal apparatus. The relationships between the 

nature and the characteristics of motor primitives at the neuromuscular levels and the biomechanical 

characteristics and constraints of the human musculoskeletal system is central issue in the study of 

modular organization of human motor control.  The SLF group has investigated the biomechanical 

characteristics of motor primitive underlying both the control of arm and locomotion.  

 

A key characteristic of the modular architecture involved in the control of a motor skill is the 

number of motor primitives required for generating the motor commands which can be inferred 

from the dimensionality of the recorded muscle patterns. As muscles can only pull, a fundamental 

biomechanical characteristic imposing a non-negativity constraint onto the modulation of torques 

and end-point forces, a minimum of N + 1 primitives at the muscle level are required to generate N-

dimensional forces and torques. However, non-negative combinations of fewer muscle primitives 

require higher levels of co-contraction, i.e. muscular effort, to generate  the same force. Thus, to 

investigate such trade-off between dimensionality and effort in the context of arm control, the 

dimensionality of the muscle patterns for reaching has been compared with the dimensionality of 

the joint torques estimated from inverse dynamics calculations. Dimensionality of both torques and 

muscle patterns have been characterized in the spatial, temporal, and spatiotemporal domains 

(Russo et al., in preparation) 

 

A direct way to characterize the biomechanical function of a motor primitive is to estimate the 

forces and torques generated by its recruitment. While such approach is generally challenging 

because of the complex postural, non-linear, and dynamic dependence of the force generated by 

muscle contraction, a reliable characterization is feasible in the context of isometric force 

generation. Thus, the forces associated to muscle synergies have been investigated in the context of 

multidirectional isometric force generation at the hand.A linear mapping of muscle activity 

recorded from many muscles into hand forces has been estimated by multiple linear regressions. 

Such mapping has then been used to estimate the forces associated to the muscle synergies 

identified from muscle patterns by nonnegative matrix factorization during an isometric reaching 

task. Moreover, the observed modulation of muscle activities as a function of force direction has 

been compared with the directional tuning predicted by synergistic and non-synergistic model of 

muscle recruitment (Borzelli et al. in preparation). 
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In the context of locomotion, biomechanical constraints to motor primitives have been investigated 

experimentally in adults by changing locomotor conditions and thus modifying biomechanical 

requirements. First, the effect of different sensory feedback on motor primitives has been 

characterized during walking forward, backward, on an inclined surface, sideways, and stepping in 

place (Zelik et al. submitted). Moreover, bilateral coordination between unilateral primitives for 

walking on a split-belt treadmill at different speed combinations for the right and left legs has been 

studied (MacLellan et al. in preparation). Finally, coordination between arm and leg (cervical and 

lumbar) CPGs has been characterized during crawling at different speeds (MacLellan et al. 2013). 

 

This section of the Deliverable is organized into five subsections, each corresponding to the articles 

mentioned above. The first three (Russo et al. , ―Dimensionality of joint torques and muscle patterns 

for reaching movements‖; Borzelli et al.,‖Effort minimization and synergistic muscle recruitment 

for three-dimensional force generation‖; MacLellan et al., ―Temporal structures of locomotor 

primitives adapt to environmental feedback‖) are in preparation and will be submitted shortly. The 

fourth article (Zelik et al., ―Can modular strategies reduce dimensionality of neural control during 

multidirectional locomotion?‖) has been submitted. The last article (MacLellan et al. 2013, 

―Decoupling of upper and lower limb pattern generators during human crawling at different arm:leg 

speed combinations‖) has been published. 
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1.1.2 Dimensionality of joint torques and muscle patterns for reaching 

movements1
 

Abstract 
 

Muscle activities underlying many motor behaviors can be generated by a small number of basic 

activation patterns with specific features shared across movement conditions. Such low-

dimensionality suggests that the central nervous system (CNS) relies on a modular organization to 

simplify control. However, the relationship between the dimensionality of muscle patterns and that 

of joint torques is unknown, because of redundancy and non-linearities in mapping the former into 

the latter. We compared the torques acting at four arm joints during fast reaching movements in 

different directions in the frontal and sagittal planes and the underlying muscle patterns. The 

dimensionality of the non-gravitational components of torques and muscle patterns in the spatial, 

temporal, and spatiotemporal domains was estimated by multidimensional decomposition 

techniques. The spatial organization of torques was captured by two or three generators, indicating 

that not all the available coordination patterns are employed by the CNS. A single temporal 

generator with a biphasic profile was identified, generalizing previous observations on a single 

plane. The number of spatiotemporal generators was equal to the product of the spatial and temporal 

dimensionalities and their organization was essentially synchronous. Muscle pattern 

dimensionalities were higher than torques dimensionalities but also higher than the minimum 

imposed by the inherent non-negativity of muscle activations. The spatiotemporal dimensionality of 

the muscle patterns was lower than the product of their spatial and temporal dimensionality, 

indicating the existence of specific asynchronous coordination patterns. Thus, the larger 

dimensionalities of the muscle patterns may allow the CNS to overcome the redundancy and non-

linearity of the musculoskeletal system and to flexibly generate endpoint trajectories with simple 

kinematic features using a limited number of building blocks. 

Introduction 
How the central nervous system (CNS) coordinates alarge number of muscles to generate complex 

motor behaviorsis an open question. The dynamic complexity of the skeletal system with its many 

degrees of freedom (DoF), the versatility of the motor system, capable of accomplishing many 

different tasks, and the redundancy and non-linearity of the muscular apparatus all pose challenging 

control problems. A modular architecture has been proposed as a way in which the CNS might 

tackle the complexity of motor control. In a modular architecture control is subdivided among basic 

building blocks, allowing for an efficient yet flexible task decomposition. In particular, a modular 

generation of the muscle patterns might allow for a low-dimensional representation of the motor 

output incorporating knowledge on the dynamic behavior of the musculoskeletal system into a 

small set of basis functions shared across tasks and conditions. Recently, the modular control 

hypothesis has been supported by the observation of low-dimensionality in the muscle patterns 

underlying a variety of motor behaviors in different species. Using multidimensional decomposition 

techniques such as principal component analysis (PCA), factor analysis (FA), and non-negative 

matrix factorization (NMF) it has been possible to reconstruct the muscle activation patterns as the 

combination of a small number of components (Tresch et al., 2006;Giszter et al., 2007;Ting and 

McKay, 2007;Bizzi et al., 2008;Tresch and Jarc, 2009;Lacquaniti et al., 2012;d'Avella and 
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Lacquaniti, 2013). These components may capture different features of the muscle patterns shared 

across task conditions, such as specific relationships in the strength of activation of groups of 

muscles, i.e. muscle synergies (Tresch et al., 1999;Ting and Macpherson, 2005) or M-modes 

(Krishnamoorthy et al., 2003), specific time-courses of the activation waveforms for all muscles, 

i.e. temporal components (Ivanenko et al., 2004;Dominici et al., 2011), and specific collections of 

muscle activation waveforms, i.e. time-varying muscle synergies (d'Avella et al., 2003;d'Avella et 

al., 2006) but they all construct muscle patterns by linear combinations of a small number of 

generators. However, even if muscle patterns can be accurately described by such generators, task 

accomplishment depends on the actual joint torques and the consequent joint motions produced by 

muscle contractions. Thus, to better understand how motor tasks may be accomplished by the 

combination of a few muscle pattern generators it is necessary to assess the relationship between the 

organization of muscle patterns and that of joint torques. 

 

While joint torques underlying many different motor behaviors have been investigated extensively, 

a characterization of their dimensionality with multidimensional decomposition approaches such as 

those recently used to analyze muscle patterns is missing. Focusing on reaching movements in 

vertical planes, as in many previous studies (Soechting and Lacquaniti, 1981; Lacquaniti et al., 

1982;Flanders et al., 1994; Flanders et al., 1996; d'Avella et al., 2006; d'Avella et al., 2008; d'Avella 

et al., 2011), our aim was to investigate the dimensionality of joint torques and to compare it with 

the dimensionality of the muscle patterns. Moreover, we wanted to explore systematically the 

dimensionality of different types of generators, i.e. generators capturing shared structure in the 

spatial –across joints or muscles–, temporal, and spatiotemporal dimensions. Planar point-to-point 

reaching movements, for which joint torques can be estimated using a simplified dynamical model 

of the arm with two joints, are normally associated to bell-shaped velocity profiles and biphasic 

torque profiles(Morasso, 1981;Soechting and Lacquaniti, 1981). The shape of such profiles is 

invariant with respect to movement speed (Soechting and Lacquaniti, 1981) or load (Lacquaniti et 

al., 1982) and the relationship between shoulder and elbow dynamic torques is almost linear 

(Soechting and Lacquaniti, 1981;Gottlieb, 1997). These observations indicate that joint torques for 

reaching have remarkable regularities suggesting that their dimensionality is also low. One might 

hypothesize that there is a one-to-one relationship between muscle pattern generators and torque 

generators. However, biomechanical characteristics and constraints must be taken into account. 

First, the muscular system is redundant, i.e. the same torque may be obtained by infinitely many 

different muscle patterns and, consequently, the dimensionality of torques generators may be lower 

than the dimensionality of muscle pattern generators. Moreover, as muscles can only pull, muscle 

pattern generators are combined with non-negative combination coefficients and, even considering 

a linear  muscle-to-torque mapping, to generate torques spanning a D-dimensional space at least D 

+ 1 non-negative generators are required (Davis, 1954;Valero-Cuevas, 2009). Thus, the minimum 

number of muscle pattern generators depends on the actual dimensionality of the joint torque 

required to perform all conditions of a specific task. Importantly, we consider here tasks whose 

conditions can be described by a set of parameters, such as, for example, the position of a target of a 

point-to-point reaching movement. Then, since the skeletal system is also redundant for the 

performance of many tasks, e.g. a specific position of the wrist in space can be achieved with many 

different joint angle configurations, the actual dimensionality of the joint torques may be lower than 

the number of joints (i.e. DoF) involved and it must be determined experimentally. Finally, while 

the minimal number of muscle pattern generators might guarantee an optimal solution in terms of 

computational complexity, it might be suboptimal in terms of other costs such as muscular effort. In 

fact, the minimum effort muscle pattern for achieving a task typically requires independent 

recruitment of all muscles, i.e. the maximum dimensionality.   

 

We analyzed EMGs data recorded from 16 muscles and kinematic data collected from markers 

positioned on the arm of subjects performing fast reaching movements from one starting position to 
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8 targets on the sagittal plane and 8 targets on the frontal plane. We used a dynamic model of the 

arm with 4 rotational joints (three at the shoulder and one at the elbow) and 3 translational DoF (the 

position in space of the shoulder) to estimate joint torques from joint angles with an inverse 

dynamics computation (Corke, 1996). We then considered the dynamic component of the torques, 

i.e. the total torques with the gravitational components removed (Gottlieb, 1997), and the phasic 

component of the muscle activity waveforms, i.e. the total rectified and filtered EMG waveforms 

with the tonic, anti-gravity components removed (Flanders and Herrmann, 1992;d'Avella et al., 

2006). Spatial, temporal, and spatiotemporal torque generators were identified by performing PCA 

on different arrangements of the data matrix. Similarly, spatial, temporal, and spatiotemporal 

muscle pattern generators were identified with NMF. We first determined the dimensionality of 

generators according either to a threshold on the fraction of data variation explained (Tresch et al., 

1999;Ting and Macpherson, 2005;Torres-Oviedo et al., 2006;Roh et al., 2012) or to the detection of 

a ―knee‖ in the curve of the variation explained as a function of the number of generators (d'Avella 

et al., 2003;Cheung et al., 2005;d'Avella et al., 2006;Tresch et al., 2006). We used the former 

criterion for the torque data and the latter for the EMG data. However, to directly compare the 

dimensionality of torques and muscle patterns, we then also used a single criterion which took into 

account the different intrinsic variability of the two datasets when determining their dimensionality 

(Cheung et al., 2009).  

Materials and Methods 

Participants, experimental apparatus and task 
Four right handed subjects (aged between 27 and 40) gave their written informed consent to 

participate in the study, which conformed with the Declaration of Helsinki and had been approved 

by the Ethical Review Board of the Santa Lucia Foundation. The experimental apparatus and 

reaching task has been described in details in a previous report (d'Avella et al., 2006). Briefly, 

standing subjects gripped with their right hand an handle (weight 180 g) which had a sphere 

(diameter 4 cm) attached to one extremity. The center of sphere was aligned with the axis of the 

forearm at a distance of 12 cm from center of the palm.  Participants were instructed to move the 

sphere between a central position and 8 targets uniformly arranged on a circle at 15 cm of distance 

on either the frontal or sagittal plane while minimizing shoulder and wrist movements. The central 

position was adjusted for each subject so that it required maintaining the upper arm vertical and 

aligned to the trunk and the elbow flexed at 90°. The targets were indicated by transparent spheres 

lighted from inside by an LED. In each trial, after holding the sphere at the start position for at least 

1 s, subjects were instructed to move after a go signal, to reach the target with a movement of a 

duration (defined as the interval in which the speed of the sphere was above 10% of its maximum) 

shorter than 400 ms, and to hold there for at least 1 s. Unsuccessful trials were repeated. Each 

subject performed each movement successfully 5 times in different blocks of trials for a total of 160 

point-to-point movements (2 planes × 8 targets × 2 directions -from the center to the target and from 

the target back to the center- × 5 repetitions). 

Data acquisition 
The motion of the arm was recorded using an optic motion-tracking system (Optotrack 3020, 

Nothern Digital, Waterloo, Ontario, Canada) with a sampling frequency of 120 Hz and spatial 

resolution below  0.1mm. Active optical markers were positioned on the shoulder (acromion), the 

upper arm (at the proximal end close to the head of the humerus), the elbow (epicondyluslateralis), 

the wrist (one over the styloid process the radius and one on the styloid process of the ulna). The 

motion of the sphere on the handle (end-point) was recorded with an electromagnetic motion-

tracking system (Fastrak, Polhemus, Calchester, VT) with sampling frequency of 120 Hz and spatial 
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resolution below 4 mm, as estimated by a calibration process performed within the workspace used 

in the experiment. 

EMG activity was recorded with active bipolar surface electrodes (DE 2.1; Delsys, Boston,MA) 

from the following muscles: biceps brachii, short head (BicShort), biceps brachii, long  head 

(BicLong), brachialis (Brac), pronator teres (PronTer), brachioradialis (BrRad), triceps brachii, 

lateral head (TrLat), triceps brachii, long head (TrLong), triceps brachii, medial head (TrMed) 

deltoid, anterior (DeltA), deltoid, middle (DeltM), deltoid, posterior (DeltP), pectoralis major, 

clavicular portion (PectClav), pectoralis major, lower portion (PectLow), trapezius superior 

(TrapSup), trapezius middle (TrapMid), trapezius inferior (TrapInf), latissimusdorsi (LatDors), teres 

major (TeresMaj), infraspinatus (InfraSp). EMG signal was band-pass filtered (20-450 Hz) and 

amplified (total gain 1000, Bagnoli-16, Delsys Inc.). EMG data were digitized at 1 KHz (PCI-

6035E, National Instruments, Austin, TX). 

Data acquisition and experiment control were performed on a workstation with custom software 

written in LabView (National Instruments, Austin, TX). Fastrak data were processed on-line to 

compute the movement time and target accuracy and to provide auditory feedback about 

unsuccessful trials. The experiment control program logged the time of all relevant behavioral 

events.  

 

Data analysis 
 

point kinematics  
All analyses were performed with custom software written in Matlab (Mathworks, Natick, MA). 

Position and orientation of the handle and the measured geometric parameters of the handle were 

used to compute the position of the end-point. The data were low-pass filtered (FIR filter; 15 Hz 

cutoff; zero-phase distortion; Matlab fir1 and filtfilt functions) and differentiated to compute 

tangential velocity and speed. For each movement we computed the onset time and the end time, 

defined respectively as the time in which the speed profile crossed 10% of its maximum value, and 

the movement duration (MT), defined as the interval between the movement onset and the 

movement end.  

 

Arm model  
A kinematic and kinetic model of the arm, incorporating geometrical and inertial parameters of the 

upper arm and forearm segments, was used to estimate joint angles and joint torques from the 

recorded spatial position of the shoulder, the elbow, and the wrist markers. The kinematic model 

was developed using the Denavit-Hartenberg (D-H) notation (Hartenberg and Denavit, 1955), i.e. as 

chain of articulated links with four parameters for each link (a: length, α: twist, d: offset, ϑ: joint 

angle) describing the position and orientation of a Cartesian reference frame fixed on each link with 

respect to the reference frame fixed on the preceding link of the chain according to the 4 × 4 

homogeneous transformation matrix T: 

 

cos sin cos sin sin cos

sin cos cos cos sin sin

0 sin cos

0 0 0 1

a

a
T

d

     

     

 

 
 


 
 
 
   . (1) 

The rotation axis of each joint coincides with the z axis of the preceding link in the chain. The x axis 

in each frame is directed as the normal between the z axis of that frame and the z axis of the next 

frame. In this way the joint angle is the angle between the x axes of the frames of the two links 
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connected by the joint. We modeledfour rotational degrees-of-freedom (DOFs) of the arm ‒three 

rotations at the shoulder, i.e. adduction, flexion and external rotation,  and one rotation at the elbow, 

i.e. elbow flexion (see Figure 1)‒and three translational DOFs of the shoulder. We assumed that 

shoulder was a spherical joint (i.e. the rotation axes of the three joints intersect at a single point). 

Lengths of upper arm, forearm, and hand of each subject were estimated as a function of the 

subject‘s weight and height according to regression equations (Winter, 1990). Forearm, hand, and 

handle were considered a single link (7
th

) of length equal to the sum of the forearm length and the 

length of the opened hand, thus approximating the total length of the closed hand and the handle 

along the direction of the forearm axis with the length of the opened hand.  

 

 
Figure 1. Joint angle definition for the arm model. The four joint angles included in the model 

(shoulder adduction, shoulder flexion, shoulder external rotation, and elbow flexion) are illustrated 

by a sequence of postures in space of a two-link arm. 

 

The kinetic model of the arm was developed adding to each link its inertial parameters (mass, center 

of mass, inertia tensor)  also estimated as a function of the subject‘s weight and height according to 

regression equations(Zatsiorsky and Seluyanov, 1983). No mass was associated to the first three 

links required to represent the spatial position of the shoulder. However these translational DOFs 

were introduced to take into account shoulder movements when estimating the joint torques. The 

mass of the upper arm was assigned to the 6
th

 link, which had an offset equal to the length of the 

upper arm segment.  The mass of the forearm, hand, and handle was assigned to the 7
th

 link, 

associated with the elbow flexion. The inertial parameters for this link were computed from the 

inertial parameters estimated separately from the regression equations for the forearm and hand. As 

the estimated position of the center of mass of the hand and of the handle coincided, the mass of the 

handle (180 g) was summed to the mass of the hand. The moments of inertia were computed with 

respect to its center of mass. The model was implemented in Matlab using the Robotic Toolbox 

(Corke, 1996;Corke, 2011). The D-H parameters of the generic arm model are reported in Table 1 

and the specific geometric and inertial parameters estimated for each subject are reported in Table 

2. 

 

Table 1. D-H parameters for the 7 DOFs arm model.Sh: shoulder, El: elbow, LF: forearm link 

length, LU: upper arm link length; P is for prismatic joints and R is for revolute joints. 

Link DOF αi ai θi di Type Offset 

1 Sh X π/2 0 π/2 0 P 0 

2 Sh Y π/2 0 π/2 0 P 0 

3 Sh Z π/2 0 π/2 0 P 0 

4 Sh adduction π/2 0 0 0 R - π/2 
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5 Sh flexion π/2 0 0 0 R π/2 

6 Sh external 

rotation 

π/2 0 0 LU R π 

7 El flexion 0 LF 0 0 R π/2 

 

 

Table 2. Arm model parameters for individual subjects.U: upper arm length, F: forearm length 

(including hand and handle), rU: position of the upper arm center-of-mass along the link-6 x axis, 

rF: position of the upper arm center-of-mass along the link-7 x axis, I(lo) U, inertia along the 

longitudinal axis of the upper arm, I(ap) U, inertia along the antero-posterior axis of the upper arm, 

I(tr) U, inertia along the trasversal axis of the upper arm, I(lo) F, inertia along the longitudinal axis 

of the forearm+hand+handle system, I(ap) F, inertia along the antero-posterior axis of the 

forearm+hand+handle system, I(tr) F, inertia along the trasversal axis of the forearm+hand+handle 

system 

Subject 1 2 3 4 

Height (cm) 

 

180 162 177 181 

Weight (Kg) 84 58 75 78 

LU (cm) 33.48 30.13 32.92 33.67 

LF (cm) 45.36 40.82 44.60 45.61 

rU (cm) 13.91 12.16 13.48 13.78 

rF (cm) 26.38 23.57 25.83 26.39 

MU (kg) 2.29 1.56 2.03 2.11 

MF (kg) 2.00 1.52 1.84 1.90 

I(lo) U (kg cm
2
 s

-2
) 46.54 28.54 40.45 42.61 

I(ap) U (kg cm
2
 s

-2
) 137.84 74.02 120.09 130.03 

I(tr) U (kg cm
2
 s

-2
) 152.50 84.74 133.92 144.65 

I(lo) F (kg cm
2
 s

-2
) 21.91 12.93 18.63 19.56 

I(ap) F (kg cm
2
 s

-2
) 465.00 295.87 416.54 445.74 

I(tr) F (kg cm
2
 s

-2
) 475.79 302.27 425.77 455.45 

 

Joints kinematics 
The arm model was used to estimate at each time sample the shoulder adduction angle, the shoulder 

flexion angle, the shoulder external rotation angle, the elbow flexion angle using the positions of the 

shoulder and elbow markers and the mean position between the two wrist markers. For time sample 

and each joint angle,  a vector between two markers aligned with the axis of the limb segment 

defining the rotation of that joint (i.e. shoulder and elbow markers for shoulder adduction and 

shoulder flexion, elbow and wrist markers for shoulder external rotation and elbow flexion) was 

computed first. Then, the segment vector was transformed into the reference frame associated to the 

joint and the angle computed as 

 
1tan ( / )i y x 

 (2) 

where x and y are the coordinate of the vector in the reference frame associated with the joint 

rotation axis (z axis). To compensate for potential misalignment between the tracker z axis and the 

vertical axis, the coordinates of the markers were first rotated into a Cartesian reference frame with 

the gravitational acceleration along the z axis. The direction of the gravitational acceleration was 

estimated by means of a calibration of based on tracking two markers attached to the fulcrum and 

the extremity of a pendulum.  
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Angular velocity and acceleration were computed by numerical differentiation. To validate the 

kinematic model, forward kinematics was used to compare estimated and measured end-point 

trajectories.  

 

Inverse dynamics 
Joint angles, joint velocities and joint accelerations were used to estimate the torque profiles via 

recursive Newton-Euler calculation (rne function of Matlab Robotics Toolbox). We computed the 

total torques τ 

 ( ) ( , ) ( )  τ M q q C q q q G q  
 (3) 

where M is the manipulator inertia matrix, C is the Coriolis and centripetal torque, and G is the 

gravitational torques. To estimate non-gravitational (dynamic) torques we subtracted gravitational 

torques from the total torques. 

 

Data preprocessing 
The EMGs for each trial were digitally full-wave rectified, low-pass filtered (FIR filter, 20 Hz cut-

off, zero-phase distortion, Matlabfir1 and filtfilt functions), and integrated over 10 ms intervals.  In 

a few cases muscle waveforms showed some artifacts, possibly due to a partial detachment of the 

electrode from the skin, and those muscles were removed from further analysis (subject 1: PectLow; 

subject 2: TrapInf, PectLow). 

EMGs and torques for all the trials in each experimental condition (2 planes × 8 targets × 2 

directions) were aligned on the time of movement onset and averaged. 

Finally, both torques and muscle waveforms were normalized in time to equal movement duration 

and resampled with 50 samples per movement duration (MT). Samples from 0.5 MT before 

movement onset to 0.5 MT after movement end (total 100 samples) were considered for further 

analysis. 

 

Dimensionality of motor commands 
We consider a set of D command signals (joint torques or muscle patterns) delivered by a controller 

in a given time interval (sampled T times) to accomplish a task in one of K distinct task conditions 

(e.g. different reaching targets). We hypothesize that a modular controller generates these command 

signals by modulating and combining a small set of generators whose structure is invariant across 

all task conditions. The structure of such generators may be defined in the spatial (across signals, 

i.e. muscles or joints), temporal, and spatiotemporal domains. The dimensionality of the ensemble 

of command signals is then simply the number of generators necessary to accomplish all K tasks 

conditions.  

 

Spatial dimensionality is the number of generators necessary to capture time-invariant 

relationships between the signals. For N generators: 

 

1

( ) ( )
N

k k

n n

n

t c t


x w

 

(4) 

where ( )k tx  are the set of signals for condition k, i.e. a vector-valued (D-dimensional) function 

time (or a D × T matrix for discrete time samples), ( )k

nc t  is a condition-dependent, time-varying 

combination coefficient for the n-th generator, nw  is the condition-independent, time-invariant n-

thspatial generator, i.e. a D-dimensional vector capturing the relative activation weight of different 

signals.  
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Temporal dimensionality is the number of generators necessary to capture temporal  components 

shared across all signals (i.e. space-invariant). For N generators: 

 

1

( ) ( )
N

k k

n n

n

t c t


x w

 

(5) 

where ( )k tx  are again the set of signals for condition k, ( )nc t  is the condition-independent, time-

varying n-th generator (or temporal component), 
k

nw  is the condition-dependent, time-invariant n-

thD-dimensional weight vector for the n-th component. Notice how the critical difference in the 

definition of spatial and temporal generators and dimensionality is in the dependence on the task 

condition (k). Indeed, generators are useful concepts only if they can be used for a variety of 

conditions thus allowing an effective reduction of the number of parameters to select for each 

condition.  

 

Spatiotemporal dimensionality is the number of generators capturing simultaneously invariant 

spatial and temporal features in the signals. Thus, each generator includes a set of signal 

components that can be expressed as a time-varying vector. For N generators  

 

1

( ) ( )
N

k k

n n

n

t a t


x v

 

(6) 

where ka  is a condition-dependent combination coefficient for the n-th generator, ( )n tv  is the n-th 

spatiotemporal generator, i.e. a condition-independent, time-varying D-dimensional vector  (or a D 

× T matrix for discrete time samples). However, as different signals may be related synchronously 

or asynchronously, we can distinguish the case of synchronous spatiotemporal generators:  

 ( ) ( )n n nt c tv w
 

(7) 

in which each generator  ( )n tv  can be expressed as the product of a scalar function of time ( )nc t

times a time-invariant weight vector nw . In contrast, asynchronous spatiotemporal generators 

cannot in general be factorized into separate spatial and temporal generators. 

 

In addition to being scaled in amplitude, spatiotemporal generators may also be recruited at 

different times across task conditions, i.e. they may also show invariance for time shifts(d'Avella et 

al., 2003;d'Avella et al., 2006). If we assume that the duration of each spatiotemporal generator is 

smaller than the duration of the signals, we can incorporate condition-dependent onset times 
k

nt  into 

Eq. 6: 

 

1

( ) ( )
N

k k k

n n n

n

t a t t


 x v

 

(8). 

 

Identification of generators and their dimensionality 
To investigate the spatial, temporal, and spatiotemporal dimensionality of joint torques and muscle 

patterns we used multidimensional decomposition techniques to identify the different types of 

generators. We considered the dynamic component of the torques and the phasic component of the 

muscle activity waveforms. We then used PCA to identify torque generators and, because of the 

inherent non-negativity of muscle activity, we used NMF to identify muscle pattern generators. 

Finally, as discussed below, we selected the number of generators with three different criteria, two 

specific for each dataset and one for both datasets. 
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Dynamic torques and phasic muscle patterns. Reaching movements in vertical planesrequire 

torques and muscle activitiesto accelerate and decelerate the limb and to balance gravitational 

forces. In this work we focused on the former components, i.e. dynamic torques and phasic muscle 

patterns. Dynamic torques were computed as the total torques with the gravitational components 

(the last term of the right hand side of Equation 3) removed (Gottlieb, 1997). Flanders and 

collaborators (Flanders and Herrmann, 1992) found that it is possible to distinguish the phasic 

component (related to the movement) from the tonic one (related to maintain a specific posture of 

the arm) of an EMG signal. As in (d'Avella et al., 2006) we used a subtraction procedure to remove 

the tonic component, i.e. we subtracted a constant muscle activation level before and after the 

movement and a linear ramp between the two constant values during the movement. Since after the 

subtraction a small fraction of EMG samples assumed negative values, indicating that the phasic 

EMG activity was lower than the tonic activity. However, in order to use the NMF algorithm, we 

set to zero all negative values (ratio of negative area over total area of all muscles, 0.10 ± 0.03, 

mean ± SD over subjects). 

 

Data matrices.To identify spatial, temporal, and spatiotemporal generators, joint torque and muscle 

patters data, after pre-processing, were organized into three different data matrices that were 

factorized by either PCA (torques) or NMF (muscle patterns). For each subjects we identified 

generators from Ktask conditions (K = 32, except for subject 3 for which we had to exclude 2 

conditions on the frontal plane and 2 on the sagittal plane because of missing data from the arm 

markers used to compute joint angles). To identify spatial generators, the data for each condition (D 

signals, EMG or torque, times T samples, with T  = 100 after time normalization and resampling, 

see Figure 2) were arranged into a data matrix Xwith D row and T × K columns which was 

factorized, according to Equation 4 in matrix notation, as X = W C, whereW is the condition-

independent synergy matrix with D rows and N columns, N number of generators, and C is the 

matrix of condition- and time-dependent combination coefficients with N rows and T × K columns. 

For temporal generators, in contrast, the data matrix was constructed by arranging the waveforms 

from all signals in all conditions as columns, i.e. X had T rows and D× K columns, and it was 

factorized, according to Equation 5 in matrix notation, as X = C W, with C is the condition-

independent matrix of temporal components, with T rows and N columns, and W is the condition- 

and signal-dependent matrix of weights, with N rows and D× K columns. Finally, for 

spatiotemporal generators, the data samples for all signals of each conditions were arranged in a 

column and the data matrix X, with D× T rows and K columns, was factorized, according to 

Equation 6 in matrix form, as X = V A, with Vcondition-independent matrix of time-varying 

synergies with D× T rows and N columns and A condition-dependent matrix of combination 

coefficients with N rows and K columns. For joint torque generators, the covariance of the data 

matrix was computed and, for each N, the first N principal components (extracted using MATLAB 

pcacov function) were considered. For muscle pattern generators, for each N, C and W matrices 

were initialized randomly and the best solution out of 20 runs of the NMF algorithm was selected. 

Each run of the iterative algorithm was terminated when the reconstruction R
2
 increased in one 

iteration by less than 10
-4

 for 5 consecutive iterations. 

 
Selection of the number of generators. For torque generators, we selected their number as the 

minimum number which explained at least 90% of the data variation (VAF or R
2
, defined as 1 – 

SSE/SST, with SSE sum of square residuals of the data reconstruction by the generators, and SST 

sum of the squared residuals of the data with respect to the mean over the rows of the data matrix). 

Such criterion (―R
2
 threshold‖) has been frequently used in the muscle synergy literature (Tresch et 

al., 1999;Ting and Macpherson, 2005;Torres-Oviedo et al., 2006;Roh et al., 2012), even if 

sometimes with a different definition (i.e. with SST defined as the sum of the squared data, see 
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(Delis et al., 2013)). Such criterion is based on the assumption that the fraction of data variation 

unexplained is due to noise and the threshold is supposed to separate structured variation due to the 

combination of generators and noise. However, if an independent estimation of the noise level is not 

available the choice of such threshold is necessarily ad-hoc. An alternative approach, also used in 

previous studies (d'Avella et al., 2003;Cheung et al., 2005;Tresch et al., 2006), that we used for 

selecting the number of muscle pattern generators is the detection of a ―knee‖ in the curve of R
2
as a 

function of the number of generators. Such criterion (―R
2
 knee‖) relies on the assumption that the 

noise is isotropic, i.e. contributes equally to all dimensions, and does not depend on a specific 

assumption of the relative level of noise. To detect a change in slope in the R
2
 curve, for each N, we 

performed a linear fit of the portion of the curve from N to the end (i.e. D) and we selected N for 

which the mean square error of the fit was <10
-4

, indicating that the ―tail‖ of the curve after the 

―knee‖ was essentially straight. We could not use this second criterion for the torques as the their 

maximum spatial dimension (4) was too low and it was impossible to identify a ―knee‖ with such 

procedure. However, to compare torque and muscle pattern with the same criterion, we also 

determined their dimensionality with a criterion (―R
2
 shuffle‖) that took into account the different 

intrinsic noise levels of the two datasets. We then use a threshold on the slope of the R
2
curve 

according to slope of the curve obtained after a random shuffling the rows of the data matrix 

(Cheung et al., 2009). By shuffling the data the multidimensional structure of the original data was 

lost but each dimension maintained the original variability. Thus, we selected the number of 

generators as the point on the original R
2 

curve at which any further increase in the number of 

extracted generators yielded an R
2
 increase smaller than 75% of that for the generators extracted 

from the shuffled data (mean over 50 extractions from reshuffled data). 

 

 



17 

 

Figure 2. Types of multidimensional decomposition of data from different task conditions. 

Data collected from D channels (4 in this schematic illustration, represented by different patterns) 

over T time samples (6, represented by different color saturations) in a single task condition are 

represented by a grid of squares. Different task conditions are represented with different 

background colors. A spatial decomposition is obtained by factorizing the data matrix obtained by 

stacking the data from individual conditions horizontally (i.e. matching their spatial –channels– 

dimension) into a matrix of N(3) spatial generators (D rows and N columns) times a matrix of time-

and condition-dependent coefficients. A temporal decomposition is obtained by factorizing the 

transpose of data matrix obtained by stacking the data from individual conditions vertically (i.e. 

matching their temporal dimension) into a matrix of N (3) temporal generators (T rows and N 

columns) times a matrix of channel- and condition-dependent coefficients. Finally, a spatiotemporal 

decomposition is obtained by arranging all the data samples of each condition into a column and 

factorizing the resulting matrix into a matrix of N (3) spatiotemporal generators (D × T rows and N 

columns) times a matrix of condition-dependent coefficients. 

 

Results 
 

Dynamic torques 
Joint torques were estimated by inverse dynamics from joint angle trajectories using a kinetic model 

of the arm parametrized by the height and weight of each subject. Figure 3 shows an example of 

end point trajectories, end point speed profiles, joint angle trajectories, angular velocities, and 

gravitational and dynamic joint torque profiles for 8 center-out movements on the frontal plane. As 

expected, end point trajectories were straight and velocity profiles bell-shaped. Joint angle 

trajectories and the corresponding angular velocities were modulated by movement direction. 

Dynamic torques, i.e. total torque with the gravitational torques removed, were bi-phasic, as 

observed before (Gottlieb, 1997). The time courses of the joint angle trajectories and angular 

velocities were different across joints and conditions but, because of the dynamic interaction 

between the different degrees-of-freedom, did not need to be generated by asynchronous torque 

profiles and, in fact, they were generated by a synchronous biphasic pulse of torque distributed 

across joints with different balances depending on the movement direction. Such coordination 

patterns in the dynamic torque profiles is clearly visible in a scatter plot of a pair of joint torques. 

Figure 4 shows the six scatter plots of all pairs of joint torque profiles, during an interval of 250 ms 

around movement onset, approximately capturing the first phase of the profile, for the same 8 

movements of Figure 3. If a pairs of torques were modulated synchronously, the corresponding 

trajectory in the scatter plot would appear as a straight line segment with a direction depending on 

the relative amplitude. Indeed, for most pairs and movement directions  dynamic torques appeared 

to be modulated close to synchronously, especially in the initial (raising) portion of the profile. 

Finally, for two pairs of dynamic torques, shoulder external rotation-shoulder adduction and elbow 

flexion-shoulder flexion, the direction of the line segment in the scatter plot depended only weakly 

on the movement direction, suggesting that the dynamic torques were spanning a subspace of the 

four dimensional torque space orthogonal to those two directions. We then generalized these 

observations by identifying dynamic torque generators and estimating their dimensionality. 
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Figure 3. Example of endpoint speed, velocity, jointangles and torques. Example of endpoint 

trajectories, end-point speed profiles, joint angles, joint angular velocities, gravitational (light gray) 

and dynamic (dark gray) torques for eight center-out movements in the frontal plane of subject 1. 

Vertical dashed lines represent the times of movement onset and movement end. 
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Figure 4.Example of coordination between pairs of dynamic torques. Each scatter plot 

illustrated the dynamic torques for a pair of joints recorded in an interval of 250 ms around the time 

of movement onset for 8 center-out movements in the frontal plane of subject 1. 

 

Spatial dimensionality 
We first assessed the spatial dimensionality of the dynamic torques by identifying spatial 

generators, i.e. vectors in the torque space capturing specific balances of torque magnitude which 

could reconstruct the data once multiplied by time- and condition-dependent coefficients (see 

Materials and Methods and Figure 2), using PCA. For each subject, the number of generators was 

selected as the minimum number for which the fraction of data variation explained exceeded 0.9 

(―R
2
threshold‖ criterion) and as the number of generators for with adding an additional generator 

increased the R
2
 value less than 75% of the mean R

2
 values obtained identifying generators from 

shuffled data (―R
2
 shuffle‖ criterion). The mean dimensionality across subjects was 2.25 according 

to the R
2
threshold criterion and 2.75 according to the R

2
 shuffle criterion (see Table 3 for individual 

values). The maximum potential spatial dimensionality of the torques was 4, corresponding to the 

number of joints, i.e. the number rows of the data matrix used for spatial decomposition (Figure 2).  

 

Figure 5A showsthe R
2
 value as a function of the number of generators for subject 1 and Figure 5B 

the three spatial generators of the same subject selected according to the R
2
shuffle criterion. The 

first generator (w1) is dominated by shoulder flexion torque. The second generator (w2) combines a 

large shoulder adduction torque with a smaller shoulder internal rotation (i.e. negative external 

rotation) and elbow extension (i.e. negative elbow flexion). Finally, the third generator (w3) 

represents a large elbow flexion torque and a smaller shoulder adduction torque. Notably, none of 

the generators or their combinations can generate coordinated shoulder adduction and shoulder 

external rotation torques, i.e. the direction orthogonal to the torques direction observed in the 

corresponding scatter plot of Figure 4. Thus, the structure of the spatial generators indicated that 
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such torque coordination pattern was never used to perform reaching movements in the frontal and 

sagittal planes.  

 

 
Figure 5.Spatial decomposition of dynamic torques.A: R

2
 curve for subject 1 obtained by spatial 

decomposition using PCA. B: Three spatial generators selected for subject 1. C: Example of the 

reconstructions of the dynamic torques for six movement conditions of subject 1 obtained with the 

generators illustrated in panel B (shaded area: original data, thick line: reconstructed data, bottom: 

time-varying combination coefficients). 
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Figure 5C illustratesan example of the reconstruction of the dynamic torque profiles of subject 1 in 

six different conditions by the combination of the three spatial generators of Figure 5B. The 

dynamic torques for the first two conditions, medial and lateral movements in the frontal plane, are 

generated by a comparable level of activation of all three generators with a bi-phasic activation of 

shoulder adduction and internal rotation followed by shoulder abduction and external rotation for 

the medial movement and the opposite order for the lateral movement captured mainly by the 

activation of the second generation with similar bi-phasic profiles but opposite signs of its 

combination coefficient (c2).  The last two conditions, backward and forward movements in the 

sagittal plane, require large shoulder flexion/extension torques that are generated by a bi-phasic 

activation of the first generator, captured by the first time-varying coefficient (c1).  

 

To assess the similarity between the subspaces spanned by the generators identified in each subject 

we reconstructed all dynamic torques of each subject with the generators of all subjects. Table 4 

shows the R
2
 values obtained using the number of generators determined according to the R

2
 shuffle 

criterion (see Table 3). The mean R
2
 value for the reconstruction of the data of each subject by the 

generators extracted from the other subjects (0.96 ± 0.04, mean ± SD, n = 12) was close to the mean 

R
2
 value of the reconstruction of the data of each subject by the generators extracted from the same 

data (0.98 ± 0.02, n = 4), indicating that the dynamic torques of the different subjects shared a 

similar spatial organization. 

 

Table 3: Comparison of different types of dimensionality of dynamic torques and phasic muscle 

patterns estimated according to three criteria for the selection of the number of generators. 

  Torques Muscle patterns 

Subject Criterion Spatial Temporal Spatiotemporal Spatial Temporal Spatiotemporal 

S 1 

R
2
 threshold 2 1 3 - - - 

R
2
  knee - - - 4 5 5 

R
2
 shuffle 3 1 3 4 4 7 

S 2 

R
2
 threshold 3 1 3 - - - 

R
2
  knee - - - 5 5 6 

R
2
 shuffle 3 1 3 5 4 7 

S 3 

R
2
 threshold 2 1 3 - - - 

R
2
  knee - - - 6 4 6 

R
2
 shuffle 3 1 3 6 3 7 

S 4 

R
2
 threshold 2 1 2 - - - 

R
2
  knee - - - 5 4 5 

R
2
 shuffle 2 1 2 5 4 8 

 

 

Table 4: R
2
 for the reconstruction of the data of each subject with the generators identified in all 

subjects.  
 Generators/Data S 1 S 2 S 3 S 4 

Spatial S 1 0.99 0.99 0.98 0.99 

 S 2 0.99 0.99 0.97 0.99 

 S 3 0.99 0.98 0.99 0.99 

 S 4 0.92 0.90 0.88 0.95 

Temporal S 1 0.95 0.92 0.92 0.93 

 S 2 0.94 0.93 0.94 0.93 

 S 3 0.91 0.92 0.94 0.92 

 S 4 0.94 0.92 0.93 0.93 
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Spatiotemporal S 1 0.97 0.92 0.90 0.94 

 S 2 0.94 0.95 0.92 0.93 

 S 3 0.90 0.89 0.96 0.92 

 S 4 0.88 0.84 0.82 0.91 

 

Table 5: R
2
 for the reconstruction of the data of each subject with the muscle pattern 

generators identified in all subjects.  
 Generators/Data S 1 S 2 S 3 S 4 

Spatial S 1 0.80 0.60 0.54 0.62 

 S 2 0.64 0.74 0.61 0.70 

 S 3 0.67 0.71 0.80 0.69 

 S 4 0.73 0.75 0.60 0.85 

Temporal S 1 0.88 0.83 0.88 0.83 

 S 2 0.85 0.86 0.88 0.85 

 S 3 0.81 0.79 0.86 0.79 

 S 4 0.77 0.78 0.83 0.81 

Spatiotemporal S 1 0.84 0.30 0.27 0.32 

 S 2 0.37 0.77 0.41 0.51 

 S 3 0.25 0.41 0.79 0.36 

 S 4 0.38 0.49 0.39 0.80 

 

 

Temporal dimensionality 
To identify generators of the temporal organization of dynamic torques we performed PCA on the 

collection of the torque profiles of all joints and conditions. The resulting temporal components 

were then waveforms with the same duration as the torque profiles and each profile was 

reconstructed by multiplying the component matrix by a weight specific for that joint and condition. 

The dimensionality was 1 for all subjects and for both criteria (see Table 3). In contrast, the 

maximum potential temporal dimensionality of the torques was 100, corresponding to the number 

of time samples after time-normalization and resampling from -0.5 MT before movement onset and 

0.5 MT after movement end, i.e. the number of rows of the data matrix used for temporal 

decomposition (Figure 2).  

 

Figure 6Aillustrates the R
2
 curve for the temporal decomposition up to 12 generators for subject 1 

and Figure 6B the single temporal component identified in this subject and representative of all 

subjects, clearly showing a bi-phasic profile. Figure 6C illustrates the reconstruction of the joint 

torques for the same six conditions of Figure 5C by the temporal generator. The torque profiles for 

each condition are reconstructed multiplying the single temporal component (c1) by a single 

condition-dependent weight vector (w1). With respect to the reconstruction with spatial generators, 

the weight vector, which has the same dimensions of a spatial generator, is now modulated by the 

movement. For example the opposite signs in the bi-phasic profiles of shoulder adduction and 

external rotation for medial and lateral movements and for shoulder flexion for backward and 

forward movements are obtained by opposite signs of the components of the weight vector. 
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Figure 6.Temporal decomposition of dynamic torques. A: R

2
 curve for subject 1 obtained by 

temporal decomposition using PCA. B: The single temporal generators selected for subject 1. C: 

Example of the reconstructions of the dynamic torques for six movement conditions of subject 1 

obtained with the generator illustrated in panel B (shaded area: original data, thick line: 

reconstructed data, bottom: joint-specific weights). 
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Finally, the temporal generators were also similar across all subjects. As for spatial generators, the 

reconstruction of the data of each subject by the generators of all other subjects had a mean R
2
 (0.93 

± 0.01) which was comparable with the mean R
2
 for the reconstruction of the data of each subject 

by the generator extracted from the same data (0.94 ± 0.01).  

 

Spatiotemporal dimensionality 
Spatiotemporal generators, which can be viewed as either time-varying vectors capturing a different 

spatial coordination among torques at each time or as collections of different waveforms for each 

torque, were identified by PCA on a data matrix obtained arranging all time samples from all joints 

in a single row for each movement condition. Thus, torque samples from different joints and times 

represented different dimensions and the possibility of generating the data with a number of 

generators smaller than the maximum potential dimension (400, corresponding to the number of 

joints times the number of samples) revealed a coordination in the activation of different joints at 

different times. Once a set of spatiotemporal generators are identified, the data are reconstructed by 

multiplying each generator by a single condition-dependent coefficient (see Figure 2). Thus the 

spatiotemporal decomposition provides a potentially very compact representation of the structure 

inherent in the data. The mean spatiotemporal dimensionality across subjects was 2.75 according to 

both criteria (see Table 3 for individual values). Notably, mean spatial and spatiotemporal 

dimensionalities were very close and even equal for each subject when considering the R
2
 shuffle 

criterion. Moreover, as the temporal dimensionality was 1, the spatiotemporal dimensionality was 

essentially the product of the spatial and the temporal dimensionalities.  

 

Figure 7Aillustrates the R
2
 curve for the spatiotemporal decomposition up to 12 generators and 

Figure 7B the three spatiotemporal component for subject 1. Comparing the structure of these 

generators with that of the spatial (Figure 5B) and temporal (Figure 6B) generators of the same 

subject, it is apparent how each spatiotemporal generator is the product of a spatial generator by a 

temporal one. Indeed, the activation waveforms of all spatiotemporal generators are approximately 

synchronous and similar to the waveform of the single temporal generator. Figure 7C illustrates the 

reconstruction of the joint torques for the same six conditions of Figure 5C and 6C. The torque 

profiles for each condition are reconstructed multiplying each spatiotemporal component by a single 

condition-dependent coefficient (ci), represented by the height of the rectangle below the torque 

profiles. With respect to the reconstruction with spatial and temporal generators, movements 

requiring torque profiles with opposite signs are generated simply by changing the sign in a single 

combination coefficient, e.g. c2for medial and lateral movements and c1 for backward and forward 

movements. 
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Figure 7.Spatiotemporal decomposition of dynamic torques.A: R

2
 curve for subject 1 obtained 

by spatiotemporal decomposition using PCA. B: Three spatiotemporal generators selected for 

subject 1. C: Example of the reconstructions of the dynamic torques for six movement conditions of 

subject 1 obtained with the generator illustrated in panel B (shaded area: original data, thick line: 

reconstructed data, bottom: combination coefficients represented by the height of the rectangle 

containing the temporal profile of each generators averaged over joints). 
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As in previous cases, spatiotemporal generators were similar across subjects.Themean R
2
value for 

the reconstruction of the data of each subject by the generators of all other subjects (0.90 ± 0.04) 

was close to the mean R
2
 for the reconstruction of the data of each subject by the generator 

extracted from the same data (0.95 ± 0.02).  

 

Muscle patterns 
 

Phasic muscle patterns, obtained by subtracting the anti-gravity (tonic) components from the 

rectified, filtered, averaged, time-normalized, and resampled EMG waveforms, were decomposed 

with NMF to assess their dimensionality. Phasic muscle patterns for fast reaching movements in 

vertical planes have been described before (d'Avella et al., 2006). In contrast to our previous study, 

here we identified spatial generators, temporal generators, and spatiotemporal generators without 

onset delays and we compared their dimensionality with the dimensionality of the corresponding 

generators of dynamic torques. 

 

Spatial dimensionality 
The mean spatial dimensionality of the phasic muscle patterns across subjects was 5 according to 

the position of change in slope of the R
2
 curve as a function of the number of generators (R

2
 knee 

criterion) and 5 according to the R
2
 shuffle criterion (see Table 3 for individual values). Thus, as 

expected, the dimensionality of the muscle pattern generator was larger than the number of spatial 

torque generators (2.75 according R
2
 shuffle criterion) as muscle pattern generators could only be 

combined with non-negative time- and condition-dependent combination coefficients. However, the 

number of muscle pattern generators was larger than the minimum required for generating a space 

of the same number of linear dimensions as the torque generators (2.75) by non-negative 

combinations (3.75 = 2.75 + 1).  

 

Figure 8A shows the R
2
 curve for the spatial decomposition of the phasic muscle patterns of subject 

1, in which a knee at 4 generators is clearly visible. The lower R
2
 value at the selected number of 

muscle patterns generators (0.80) with respect to the corresponding value for the torque generators 

(0.99) indicated that a much larger fraction of the muscle data variation was due to noise. The four 

spatial generators (or time-invariant muscle synergies) for the same subject illustrated in Figure 8B 

(w1 – w4) show specific groupings of muscles spanning multiple joints and with the same muscle 

recruited by multiple generators. Finally, in Figure 8C the examples of the reconstruction of the 

phasic muscle patterns for six movement conditions by the combination of the spatial generators are 

presented. The temporal structure of muscle patterns and of combination coefficients is clearly more 

complex than that of the spatial generators with the tri-phasic organization of the muscle patterns 

generated by both the temporal structure of the combination coefficients and by the superposition of 

different generators. 

 

Finally the spatial generators for the muscle patterns were less similar across subjects than the 

spatial generators for the torques (see Table 5). The reconstruction of the data of each subject by the 

generators of all other subjects had a meanR
2
 (0.66 ± 0.06) much lower than the mean R

2
 for the 

reconstruction by the generators extracted from the same data (0.80 ± 0.04). 
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Figure 8.Spatial decomposition of phasic muscle patterns.A: R

2
 curve for subject 1 obtained by 

spatial decomposition using NMF. B: Four spatial generators selected for subject 1. C: Example of 

the reconstructions of the muscle patterns for six movement conditions of subject 1 obtained with 

the generators illustrated in panel B (shaded area: original data, thick line: reconstructed data, 

bottom: time-varying combination coefficients). 
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Temporal dimensionality 
The mean number of temporal generators of the phasic muscle patterns was 4.5 according to the R

2
 

knee criterion and 3.75 according to the R
2
 shuffle criterion (see Table 3 for individual values). As 

for the spatial generators, the temporal dimensionality of the muscle pattern generators was larger 

than the minimum number required to generate a space with the same linear dimensions as the 

number of temporal torque generators (1) by non-negative combinations (2 = 1 + 1). 

Figure 9A shows the R
2
 curve for the temporal decomposition of the phasic muscle patterns of 

subject 1 and Figure 9B the four temporal generators (or components) selected in that subject 

according to both criteria. The first three generators capture a single burst of muscle activity and the 

fourth component a small burst followed by a larger burst. The four components peak at different 

times and thus they appear to capture four distinct phases of the muscle patterns observed in 

different directions. However, the examples of muscle pattern reconstructions and combination 

weights for six movement directions (Figure 9C) show that in many cases the weight vectors 

loading the different components were similar within each movement condition (e.g. for the first 

two components of the (medial)lateral and downward movements), suggesting that such temporal 

decomposition was necessary to capture not only the major changes in the muscle patterns over the 

duration of the movement but also small asynchronous adjustments.   

In contrast to the spatial generators but similarly to the temporal generators for torques, muscle 

pattern temporal generators were similar across all subjects. The mean R
2
 value for the 

reconstruction of the data of each subject by generators of all other subjects (0.82 ± 0.04) was close 

to the mean value for the reconstruction by the generators extracted from the same data (0.85±0.03). 
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Figure 9.Temporal decomposition of phasic muscle patterns.A: R

2
 curve for subject 1 obtained 

by temporal decomposition using NMF. B: The four temporal generators selected for subject 1. C: 

Example of the reconstructions of muscle patterns for six movement conditions of subject 1 
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obtained with the generator illustrated in panel B (shaded area: original data, thick line: 

reconstructed data, bottom: muscle-specific weights of each generator). 

 

Spatiotemporal dimensionality 
The mean number of spatiotemporal generators of the phasic muscle patterns was 5.5 according to 

the R
2
 knee criterion and 7.25 according to the R

2
 shuffle criterion (see Table 3 for individual 

values). Both dimensionality estimates were larger than the minimum number of generators 

required for generating a space with the same linear dimensions as the number of torque 

spatiotemporal generators (2.75) by non-negative combinations (3.75 = 2.75 + 1). Moreover, 

differently from torques, the product of the spatial and temporal muscle pattern dimensionalities 

(22.5 according to the R
2
 knee criterion and 18.7 according to the R

2
 shuffle criterion) was much 

lower than the spatiotemporal dimensionality. Thus the spatiotemporal generators captured 

asynchronous muscle coordination patterns that were not simply the result of the synchronous 

combination of all possible spatial and temporal generators. 

Figure 10A shows the R
2
 curve for the spatiotemporal decomposition of the phasic muscle patterns 

of subject 1 and Figure 10B the seven spatiotemporal generators  selected in that subject according 

to the R
2
 shuffle criterion. The asynchronous nature of the muscle activation waveforms can be 

noticed in most of these spatiotemporal generators. For example, in TrLat and TrLong in w1 show 

two clearly delayed peaks. Finally, the examples of muscle pattern reconstructions and combination 

coefficients for six movement conditions illustrate how the organization of the muscle patterns is 

captured parsimoniously by the spatiotemporal generators as each movement is reconstructed 

specifying only 7 scalar combination coefficients (represented by the height of the rectangles 

depicting the mean generator waveform over all muscles). 

Finally, muscle patterns of different subjects did not have similar spatiotemporal generators. The 

reconstruction of the data by generators of all other subjects had a much lower mean value (0.37 ± 

0.08) than the reconstruction of the data by generators extracted from the same dataset (0.80±0.03). 
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Figure 10.Spatiotemporal decomposition of phasic muscle patterns.A: R

2
 curve for subject 1 

obtained by spatiotemporal decomposition using NMF. B: Seven spatiotemporal generators selected 

for subject 1. C: Example of the reconstructions of the muscle patters for six movement conditions 

of subject 1 obtained with the generator illustrated in panel B (shaded area: original data, thick line: 
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reconstructed data, bottom: combination coefficients represented by the height of the rectangle 

containing the temporal profile of each generators averaged over muscles). 

Discussion 
 

We assessed the dimensionality of the dynamic joint torques responsible for accelerating and 

decelerating the arm during point-to-point reaching movements in different directions in the frontal 

and sagittal planes and the dimensionality of phasic muscle patterns underlying the production of 

those torques. We used multidimensional factorization techniques, PCA for the torques and NMF 

for the muscle patterns, to identify generators capturing the spatial, temporal, and spatiotemporal 

organization of the motor commands. The number of generators selected according to either a 

threshold in the total data variation explained, or a change in slope in the curve of the variance 

explained, or the increase in data variation explained adding an additional generator with respect to 

the increase obtained extracting generators from randomly shuffled data was taken as an estimate of 

the dimensionality. The spatial dimensionality of the dynamic torques was lower than the number of 

joints considered, indicating that some of the available spatial coordination patterns were never 

employed by the CNS when generating the joint torques for this task. A single temporal generator 

with a biphasic activation profile was identified in all subjects, in accordance and generalizing 

previous observations on the temporal organization of dynamic torques on a single vertical plane 

(Gottlieb, 1997). The number of spatiotemporal generators was in most subjects equal to the 

product of the spatial and temporal dimensionality and their structure indicated that the 

spatiotemporal organization of the dynamic torques was essentially synchronous, obtained by the 

temporal modulation of the spatial generators by the biphasic profile of the single temporal 

generator. The spatial, temporal, and spatiotemporal dimensionalities of the phasic muscle patterns 

were higher than the corresponding torque dimensionality, as expected because of the non-

negativity constraints in the combination of muscle pattern generators, but also higher than the 

minimum number required according to this biomechanical constraint. Moreover, the 

spatiotemporal dimensionality of the muscle patterns was much lower than the product of their 

spatial and temporal dimensionality, indicating that specific asynchronous coordination patterns 

were used in the generation of muscle patterns. In fact, most of the identified spatiotemporal 

generators showed peaks of activity in different muscles at different times, i.e. coordination patterns 

that cannot be captured by the synchronous modulation of one of the spatial generators by one of 

the temporal generators.  

 

The CNS might generate motor commands by organizing a few generators, basic elements in a 

modular architecture capturing shared knowledge across tasks and conditions, to reduce the number 

of parameters required for control. Evidence for a modular organization of the motor commands has 

recently come from the observation of low-dimensionality in the muscle patterns recorded in many 

species, behaviors, and tasks (Tresch et al., 1999;d'Avella et al., 2003;Hart and Giszter, 

2004;Ivanenko et al., 2004;Ting and Macpherson, 2005;d'Avella et al., 2006;Overduin et al., 

2008;Muceli et al., 2010;Dominici et al., 2011) and from neural recordings and stimulation (Saltiel 

et al., 2001;Ethier et al., 2006;Gentner and Classen, 2006;Hart and Giszter, 2010;Overduin et al., 

2012). However, motor task and behaviors are accomplished by the joint torques generated by the 

simultaneous and coordinated activation of many muscles and to understand how a small set of 

muscle pattern generators may accomplish a task it is necessary to understand the relationship 

between muscle patterns and joint torques. The transformation between muscle patterns and torques 

depends on several biomechanical characteristics and constraints. There are more muscles than 

joints, making motor commands at the level of muscle patterns redundant, i.e. the same torque 

pattern can be generated by different muscle patterns. Muscles can only pull and their activation can 

be expressed by non-negative values, thus introducing a fundamental non-negativity constraint in 
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the generation of muscle patterns. These characteristics and constraints affect the potential 

dimensionality of the joint torques associated to the dimensionality of the underlying muscle pattern 

generators. For a linear mapping of muscle activity into force, an assumption that may be true only 

in specific conditions such as submaximal isometric contractions but useful for illustrative 

purposes, because of the non-negativity constraint, at least D + 1 generators are required to span a D 

dimensional torque space (Davis, 1954;Valero-Cuevas, 2009). In fact, by linearity, the image of the 

pseudo-inverse transformation of the D dimensional torque space is a D dimensional subspace of 

muscle space. However, such subspace is not contained in the positive orthant of the muscle space, 

i.e. cannot be generated by non-negative activations and an additional dimension in the null space 

of the linear transformation needs to be used to achieve a non-negative muscle pattern for each 

torque. In the general non-linear case, the manifold in muscle space containing all the minimum 

patterns associated to a D dimensional torque space may be already higher than D even before 

considering the non-negativity constraint. Thus, the dimensionality of the muscle space must be at 

least D + 1 to generate a D dimensional torque space for the non-negativity constraint and possibly 

larger. However, because of redundancy, the CNS might use a number of muscle pattern generator 

larger than the minimum to optimize some other cost in addition to the number of control 

parameters, such as effort. Since the generation of muscle patterns with a smaller number of 

generation requires in general more effort, the dimensionality of the muscle pattern generators 

might result from a trade-off between computational complexity and effort. We found that the 

muscle pattern dimensionality is indeed larger than the minimum prescribed by non-negativity, 

likely an effect of non-linearity but possibly also due to a choice of generators capable of achieving 

the same motions with less effort. Future investigations comparing tasks with similar kinematics but 

different effort might help clarify this point.  

 

We assessed the dimensionality of joint torques and muscle patterns according to three different 

definitions of generators (spatial, temporal, and spatiotemporal) and we could then also compare, 

within each dataset, the different types of dimensionality. For the torques we found that the 

dimensionality of the spatiotemporal generators was equal to the product of the dimensionalities of 

the spatial and temporal generators. The spatial dimensionality was two or three, i.e. less than the 

number of joint involved in the task, indicating that the CNS selected specific coordination 

strategies already at the kinematic level. The temporal dimensionality was one, indicating, in 

accordance with previous observations (Gottlieb, 1997), that the temporal organization of the 

dynamic torques is very simple: a bi-phasic profile shared by all joints and movement conditions. 

The dimensionality of the spatiotemporal generators was in all subject equal to the spatial 

dimensionality because, given a single temporal generator, each spatiotemporal generator was 

obtained by the temporal modulation of each spatial generator by the temporal generator. 

Consequently, the spatiotemporal organization of the torques was essentially synchronous. In 

contrast, the number of spatiotemporal generators for the muscle patterns was much less than the 

product of spatial and temporal dimensionalities. Indeed, spatiotemporal generators captured 

asynchronous activations across muscles that could not be obtained by the modulation of a single 

spatial generator by a single temporal generator, which necessarily produces a synchronous pattern. 

Thus, spatiotemporal generators appear to provide a very compact representation of the 

organization of the  muscle patterns. However, differently from our previous analyses of muscle 

patterns during reaching (d'Avella et al., 2006;d'Avella et al., 2008;d'Avella et al., 2011;d'Avella 

and Lacquaniti, 2013), in the present spatiotemporal decomposition we did not take into account the 

possibility of shifting in time the onset of different generators (Equation 8) because in this way we 

could use the same NMF algorithm used for spatial and temporal decomposition.  We found a larger 

number of generators without time-shifts than the number of time-varying muscle synergies (with 

time-shifts) reported before. Thus, additional structure in the muscle patterns can be captured by 

allowing the independent modulation of the time of recruitment of the generators thus allowing for 

an even more compact representation of the muscle pattern organization.  
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The validity of our observations depends on a number of assumptions made in the analysis of the 

torque and muscle activity data. Concerning the estimation of the joint torques from the recorded 

motions of markers positioned on the subjects‘ arm, we relied on a simplified model of the human 

arm. We assumed that the shoulder was a spherical joint, i.e. all three rotation axes intersect at a 

single point, we estimated the length (Winter, 1990) and inertial parameters  (Zatsiorsky and 

Seluyanov, 1983) of each segment as a function of the height and weight of each subject. While 

there are likely inaccuracies in our model, we believe that such inaccuracies might have only 

increased the observed torque dimensionality, as it is unlikely that misestimating geometric or 

kinetic parameters would have led by chance to a higher level of coordination between joints and in 

time, and, thus, did not affect our main observation of a larger muscle pattern dimensionality than 

the minimum expected from the torque dimensionality. Concerning the identification of the muscle 

pattern generators with NMF, in order to be able to run such algorithm, we set to zero all samples 

with a negative value after subtracting the tonic components. We believe that such operation did not 

significantly affect the dimensionality of the muscle patterns as the negative area of the muscle 

waveforms was in all subjects only a small fraction of total area. Concerning the criteria for the 

selection of the number of generators, we used a threshold based criterion for torques, a criterion 

based on the detection of a change in slope (i.e. a ―knee‖) in the R
2
 curve for muscle patterns, and a 

criterion based on the comparison of the slope of the R
2
 curve for the generators extracted from the 

original data and those extracted after randomly shuffling the data (along the rows of the data 

matrix). All these criteria rely on the assumption that the data are generated by a number of 

generators smaller than the maximum dimensionality and that a fraction of the variation observed in 

the data is due to noise. Such assumption is shared by all previous studies using multidimensional 

decomposition to identify muscle synergies or temporal components but it is clear that it is not 

possible a-priori to exclude that, once a specific number of generators has been selected, the 

additional dimensions attributed to noise might not in reality be also necessary to capture the 

structure in the motor commands or, vice-versa, a generator might actually describe noise instead of 

structure in the motor commands. Moreover, unless an independent estimation of the level of noise 

in the data is available, the selection of the number of generators depends on ad-hoc choices of 

thresholds and parameters. However, as the determination of  threshold on the MSE of the linear fit 

of the terminal portion of the R
2
 curve, used for the R

2
 knee criterion, is less dependent on the 

amount noise in the data than the threshold on the R
2
 value, used in the R

2
 threshold criterion, we 

prefer, whenever possible, to use the former criterion, as we have done previously (d'Avella et al., 

2003;Cheung et al., 2005;d'Avella et al., 2006), to the latter, also used in previous studies (Tresch et 

al., 1999;Ting and Macpherson, 2005;Torres-Oviedo et al., 2006;Roh et al., 2012). Unfortunately it 

was impossible to use the R
2
 knee criterion for the spatial torque dimensionality, as the maximum 

dimension was 4 in that case, and we could only estimate the residual of a linear fit of the R
2
 curve 

from 1 or 2 to 4 generators, i.e. evaluating the presence of a knee only at 1 or 2 generators. We then 

used the third criterion to compare more directly both datasets. The R
2
 shuffle criterion (Cheung et 

al., 2009) is based on the assumption that the multidimensional structure but not the noise is 

affected by randomly shuffling the data. Thus, the selection of the number of generators in datasets 

with different amount of noise is based on the comparison of the slope of the R
2
 curve for each data 

set with the slope of the R
2
 curve of a random dataset with comparable level of noise. In most cases 

the number of generators selected by the two criteria either matched exactly or different by one. 

 

In conclusion, whether spatial (time-invariant muscle synergies), temporal (temporal components or 

patterns), or spatiotemporal (time-varying muscle synergies) generators are fundamental building 

blocks in a modular control architecture and how are they implemented in the CNS remain open and 

debated questions. Our comparison of the dimensionality of muscle patterns and joint torques 

suggests that the larger dimensionalities and spatiotemporal complexity of the muscle patterns with 

respect to the joint torques is necessary for the CNS to overcome the redundancy and non-linearity 
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of the musculoskeletal system and to flexibly generate endpoint trajectories with simple kinematic 

features using a limited number of building blocks.  
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1.1.3 Effort minimization and synergistic muscle recruitment for three-

dimensional force generation
2
 

Abstract 
 

To generate a force at the hand in a given spatial direction and with a given magnitude the central 

nervous system (CNS) has to coordinate the recruitment of many muscles. Because of the 

redundancy in the musculoskeletal system, the CNS can choose one of infinitely many possible 

muscle activation patterns which generate the same force. What strategies and constraints underlie 

such selection is an open issue. The CNS might optimize a performance criterion, such as accuracy 

or effort. Moreover, the CNS might simplify the solution by constraining it to be a combination of a 

few muscle synergies, coordinated recruitment of groups of muscles. We tested whether the CNS 

generates forces by minimum effort recruitment of either individual muscles or muscle synergies. 

We compared the activation of arm muscles observed during the generation of isometric forces at 

the hand across multiple three-dimensional force targets with the activation predicted by either 

minimizing the sum of squared muscle activations or the sum of squared synergy activations. 

Muscle synergies were identified from the recorded muscle pattern using non-negative matrix 

factorization. To perform both optimizations we assumed a linear relationship between rectified and 

filtered electromyographic (EMG) signalwhich we estimated using multiple linear regressions. We 

found that the minimum effort recruitment of synergies predicted the observed muscle patterns 

better than the minimum effort recruitment of individual muscles. However, both predictions had 

errors much larger than the reconstruction error obtained by the synergies, suggesting that the CNS 

generates three-dimensional forces by sub-optimal recruitment of muscle synergies. 

 

Introduction 

 
Object manipulation and tool use require accurate control of the three-dimensional force generated 

at the hand by the contraction of arm muscles. To generate a force at the hand in a given spatial 

direction and with a given magnitude the central nervous system (CNS) has to coordinate the 

recruitment of many muscles. A desired force vector must results from the sum of the force vectors 

generated by the contraction of each individual muscle. Thus, the control policy implemented by the 

CNS must select an appropriate muscle activation pattern for each desired force vector output. Such 

a mapping from force targets to muscle patterns is the inverse of the biomechanical transformation 

of muscle contraction into output force. However, because of the redundancy of the muscular 

apparatus, the solution is not unique and infinitely many muscle patterns can generate the same 

force output. These patterns only differ with respect to the amount of muscle co-contraction, i.e. the 

part of the muscle contraction which generates force components that cancel each other (Valero-

Cuevas, 2009).   

 

How the CNS coordinates many redundant muscles is a long standing question in motor 

neuroscience (Bernstein, 1967). One possibility is that CNS selects the muscle pattern for a specific 

goal by minimizing some cost, such as effort or inaccuracy (Harris and Wolpert, 1998;Fagg et al., 

2002;Todorov and Jordan, 2002;Kutch et al., 2008). Such minimization may be performed 

searching among all possible muscle patterns and potentially achieving the global minimum of the 
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cost function. Alternatively, as optimization becomes computationally challenging when it involves 

a large number of variables, the CNS might search for a solution only within the subset of all 

possible patterns generated by the combination of a small number of muscle synergies, coordinated 

recruitment of groups of muscles with specific activation balances or profiles (Tresch et al., 

1999;Saltiel et al., 2001;d'Avella et al., 2003;Ting and McKay, 2007;Bizzi et al., 2008;Lacquaniti et 

al., 2012;d'Avella and Lacquaniti, 2013). However, by reducing the number of variables, i.e. 

constraining the solution to be a combination of muscle synergies, only a value of the cost function 

generally larger than the global minimum can be achieved. Thus, there is a trade-off between 

optimality and computational complexity in the solution of the coordination problem.  

 

Whether muscle synergies are a simplifying control strategy actually implemented by the CNS or 

they represent a parsimonious description of the regularities in the motor output generated by a non-

synergistic controller and due to specific task constraints is a debated issue (Kutch et al., 

2008;Tresch and Jarc, 2009;Valero-Cuevas et al., 2009;d'Avella and Pai, 2010;Kutch and Valero-

Cuevas, 2012). Evidence for muscle synergies as neural control strategies has come from the 

observation of low-dimensionality in the muscle patterns –in many species and behaviors the 

muscle patterns recorded in a variety of conditions can be reconstructed by a combination of a small 

number of muscle synergies (Tresch et al., 1999;d'Avella et al., 2003;Ivanenko et al., 2004;Ting and 

Macpherson, 2005;d'Avella et al., 2006;Torres-Oviedo and Ting, 2007;Overduin et al., 

2008;Dominici et al., 2011) – and from neural recordings and stimulation (Saltiel et al., 2001;Ethier 

et al., 2006;Gentner and Classen, 2006;Hart and Giszter, 2010;Overduin et al., 2012). However, 

recent simulation studies have argued that the low-dimensionality that might be observed in the 

muscle patterns during isometric force generation could derive from biomechanical constraints 

(Kutch and Valero-Cuevas, 2012) and that the shape of the covariance of the force fluctuations 

recorded during static isometric force production is not compatible with muscle synergies (Kutch et 

al., 2008).  

 

The aim of this study was to test whether the control policy employed by the CNS for the 

generation of force minimize effort by either independent recruitment of individual muscles or by 

synergistic recruitment. We have performed a comparison between the activation of several muscles 

acting on the shoulder and elbow joints observed during the generation static isometric force at the 

hand across multiple three-dimensional force targets and the muscle activation predicted by 

minimizing effort either over the set of all possible muscle patterns or within the subset of muscle 

patterns generated by combinations of muscle synergies. To derive these predictions, we have 

estimated the isometric force generated by each muscle,assuming a linear relationship between 

rectified and filtered electromyographic (EMG) signal and force, and we have identified time-

invariant muscle synergies by non-negative matrix factorization (Lee and Seung, 2001;Tresch et al., 

2006). While the observed muscle patterns could be reconstructed accurately by the combination of 

a small number of muscle synergies, they were not well predicted by either minimum effort 

recruitment of individual muscle or synergies. However, the synergistic prediction had a 

significantly lower error than the prediction based on individual muscles. 

 

Materials and Methods 

 

Participants 
Nine subjects (5 males and 4 females, mean age 29.6 ± 4.4 years, age range 24-39) participated in 

the experiment after giving written informed consent. All procedures were approved by the Ethical 

Review Board of the Santa Lucia Foundation.  
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Experimental apparatus and data acquisition 
Subjects sat on a racing car seat with their torso immobilized by safety belts anchored behind their 

shoulders and hips. They inserted their right hand and forearm in a splint that immobilized hand, 

wrist, and forearm positioned on a desktop in front of them. The splint was attached to a steel bar 

and mechanically connected via a steel rod to a 6-axis force transducer (Delta F/T Sensor, ATI 

Industrial Automation, Apex, NC, USA) mounted below the desktop. In this posture the center of 

the palm was aligned with the body midline at the height of the sternum and the elbow was flexed 

approximately by 90º. The high of the desktop and the distance of the chair from the desktop could 

be adjusted according to the subject‘s size. The subject view of his right hand was occluded by a 

mirror (29.7 x 21 cm), parallel to the desktop, that reflect the image displayed by a 21-inch LCD 

monitor (Syncmaster 2233, Samsung Electronics Italia S.p.A., CernuscosulNaviglio, MI, Italy), also 

parallel to the desktop (Figure 1A). The height of the monitor was adjusted at the height of the 

subjects‘ eyes and the mirror was positioned halfway between the subjects‘ hand and the monitor. 

During the experiments subjects wore 3D shutter glasses (3D Vision P854, NVIDIA Corporation, 

Santa Clara, CA, USA) and view stereoscopically a virtual desktop matching the real desktop and a 

spherical cursorpositioned, at rest, approximately at the center of the palm. The virtual scene was 

rendered by a 3D graphics card (QuadroFx 3800, NVIDIA) on a PC workstation using custom 

software. Force targets were shown as transparent gray spheres and force feedback was provided by 

the displacement of the spherical blue cursor. The scene was updated at 60 Hz with the cursor 

position processed by a second dedicated data-acquisition PC workstation running a real-time 

operating system and transmitted to the first workstation through an Ethernet link using the UDP 

protocol. Cursor motion was simulated in real time as a mass accelerated by the force applied by the 

subject on the splint, a viscous force, and an elastic force proportional to the distance for the rest 

position. The spring constant was set such that the force applied to maintain the cursor stationary at 

the target distant 5 cm from the center of the palm had a magnitude equal to 20% of the subject‘s 

mean maximum voluntary force (MVF) across force directions (see below). To maintain fast 

response to changes in force while reducing the effect transducer noise when the force was 

stationary, the mass was adjusted adaptively in the range 15-140 g as a sigmoidal function of the 

rate of change of the magnitude of the recorded force. The damping constant was set to make the 

system critically damped.  

 

Electromyographic (EMG) activity from 17 muscles acting on the shoulder and elbow was recorded 

with active bipolar electrodes (DE 2.1, Delsys Inc., Boston, MA), after band-pass filtering (20-450 

Hz) and amplification (gain 1000, Bagnoli-16, Delsys Inc.). The following muscles were recorded: 

teres major (TeresMajor), infraspinatus (InfraSp), latissimusdorsi (LatDors), inferior trapezius 

(TrapInf), middle trapezius (TrapMid), superior trapezius (TrapSup), brachioradialis (BracRad), 

biceps brachii, long head (BicLong), biceps brachii, short head (BicShort), triceps brachii, lateral 

head (TriLat), triceps brachii, long head (TriLong), triceps brachii, medial head (TriMed), anterior 

deltoid (DeltA), middle deltoid (DeltM), posterior deltoid (DeltP), pectoralis major clavicular 

(PectClav), pectoralis major sternal (PectStern). Correct electrode placement was verified by 

observing the activation of each muscle during specific maneuvers. Force transducer and EMG data 

were digitalized at 1 kHz using an A/D PCI board (PCI-6229, National Instrument, Austin, TX, 

USA). Only the forces (Fx lateral direction on the horizontal plane, positive to the right; Fy frontal 

direction on the horizontal plane, positive away from the chest; Fz vertical direction, positive up) 

were used during the experiment. 
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Figure 1: Experimental apparatus and protocol for measuring isometric force and 

electromyographic signal. (A) Subjects sat in front of a desktop with their right arm, wrist and 

forearm immobilized in a splint rigidly coupled to a force transducer mounted below the desktop. A 

mirror occluded subjects‘view of their hand and reflected a virtual scene displayed by a flat 

horizontal monitor placed at subjects‘ eyes heightand matching the real desktop view. A spherical 

cursor was displayed at the center of the palm when no forces were applied on the splint. Cursor 

motion was simulated in real time as a mass accelerated by the force applied by the subject on the 

splint, a viscous force, and an elastic force proportional to the distance for the rest position.(B) 

Subjects were instructed to perform center-out reaching trials in which they had to maintain the 

cursor in a central start location for 3 s, reach a target, and maintain the cursor at the target location 

for 3 s. (C-D) Force targets were distributed on the surface of a sphere of radius of 20% MVF, 

arranged on horizontal planes at different heights. The elevation and the azimuth angles of each one 

of the 32 targets were chosen to distribute the targets approximately uniformly on the sphere 

surface.  

 

Experimental protocol 
For each subject, the MVF along thedirectionof the 20 vertices of a dodecahedron was estimated at 

the beginning of the experiment and used to scale the magnitude of the force targets. For each 

direction the maximum force magnitude was recorded in two trials in which subjects were 
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instructed to generate maximum force in a spatial direction indicated by an arrow. Subjects then 

performed a series of 160 trials generating forces in 32 directions (5 series of trials in all  

directions). The target directions were chosen to be approximately uniformly distributed on the 

surface of a sphere with radius of 0.2 MVF. Targets were arranged on horizontal planes at different 

heights. On the Fz = 0 plane,8 targets were equally distributed on a circumference. The height of the 

other horizontal force planes was calculated such that the difference in elevation angle (φ = tan
-

1
(Fz/(Fx

2
+Fy

2
)
1/2

)) of two adjacent planes was approximately equal to the angle between two 

adjacent targets of the Fz = 0 plane. The number of targets on each plane was chosen such that the 

azimuth angle (ϑ = tan
-1

(Fy/Fx)) difference between two adjacent targets on the plane was as close as 

possible to the angle between two targets on the Fz = 0 plane (45° for 8 targets, see Figure 1C and 

1D). At the beginning of each trial subjects were instructed not to apply any force and to maintain 

the cursor for 3 seconds (rest phase)within a transparent yellow sphere with a radius larger than the 

cursor sphere radius by 2% MVF and aligned with the center of the palm.Atarget, indicated by a 

gray transparent sphere also with a radius larger than the cursor sphere radius by 2% MVF, was 

then displayed in one of the 32 locations and subjects were instructed to move the cursor to the 

target by applying force(Figure 1B). The target sphere turned yellow when the cursor was inside it. 

Finally, subjects were required to maintain the cursor within the target for 3s (hold phase) to 

successfully end the trial.  

 

Data analysis 
EMG data were used to characterize the directional tuning of muscle activations, to identify time-

invariant muscle synergies, and, together with force data, to estimate a EMG-to-force matrix.One 

subject was excluded from the analysis after realizing that during the experiment the position of the 

cursor when the subject was not applying any force to the splint (at the beginning of each trial) had 

drifted, likely due to a lack of proper immobilization of the hand and forearm in the splint. A few 

trials in which the remaining eight subjects were not able to reach or remain in the target(2.1 ± 2.8 

%, mean ± SD,fraction of unsuccessful trials across subjects) as well as a few additional trials with 

EMG artifacts(3.7 ± 2.6 %) and few trials of the MVF block with temporary detachment of one 

electrode (7.8 ± 20.1 %) were also excluded from the analysis. 

 

Directional tuning of muscle activations. EMG data were rectified and digitally low-pass filtered 

(2nd order Butterworth, 5 Hz cutoff) and re-sampled at 100 Hz to reduce data size. In each trial, 

mean EMG activity of each muscle during the last 0.5 s of the rest phasewas used to estimate the 

baseline noise level of each muscle which was then subtracted from the rest of the data. Filtered 

EMG waveforms for each muscle were aligned to the beginning of the hold phase and then 

averaged across repetitions of the same target to constructdirectional tuning curves. Averaged EMG 

for each muscle were normalized to the maximumvoluntary contraction across direction (MVC) 

recorded during MVF. 

The directional tuning of each muscle activation was also fitted by a spatial cosine function: 

 ( ; ) [cos cos sin sin sin( )]T

offset PD PD PD PD offsetm m f m          PD PDf f f f  , 

wheref in the unit vector pointing in the direction of the force target, fPDis a preferred direction 

vector with length fPD, azimuth angle ϑPD, and elevation angleφPD, and moffset is an offset level. The 

parameters of the preferred direction vector and offset were estimated by multiple linear regression 

(Matlab function regress) and the significance of the tuning assessed by an F-test. 

Muscle synergies. Muscle synergies were identified by a non-negative matrix factorization (NMF) 

algorithm (Lee and Seung, 1999;Lee and Seung, 2001).Muscle activation vectors (m
k
)constructed 

with the rectified, filtered, and averaged EMG waveforms of each muscle during the hold phase of 

k-th trial, normalized to MVF after baseline noise level subtraction. Each vector (matrix column) 
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was reconstructed as the combination of a unique set of N time-invariant synergies (wi) scaled by 

time-varying synergy activation coefficients (ci
k
) 

i 1
 

Nk k

i ic


m w  

or, equivalently, in matrix notation,M = WC. For each N from 1 to the number of muscles, the 

extraction algorithm was repeated 10 times and the repetition with highest reconstruction R
2
was 

retained. R
2
, the fraction of total variation explained by the synergy model, was defined as 1 – 

SSE/SST, with SSE is the sum of the squared residuals and SST is the sum of the squared 

differences between the recorded muscle patterns and their mean. The number of synergies N was 

then selected as (i) the smallest N for which the R
2
 was larger than 0.9 or (ii) as the point at which 

the R
2
 vs. N curve had a change in slope (MSE error of linear fit from N to max(N) below 10

-4
).In 

case of mismatch between the two criteria, we used the criterion that selected the set of synergies 

with preferred directions (the direction of the maximum of the cosine function best fitting the 

directional tuning) of the synergy activation coefficients distributed more uniformly and, in 

particular, with the smallest number of similar preferred directions. Thus, we arranged the preferred 

direction vectors on a unit sphere, we considered all pairs, and we selected the set of synergies with 

the smallest number of pairs with an angular difference below 20 deg.  

Directional tuning curves for the synergy activation coefficients, as for the muscle activations, were 

constructed by averaging their values in the hold phase and across trials to the same target.  

 

EMG-to-force matrix. The isometric end-point force (f) generated at the hand with the arm in a 

fixed posture (as both the trunk and the forearm were immobilized) by a muscle activation pattern 

(m) was modeled as linear combination of the end-point force associated to each muscle,f = Hm, 

where H is a matrix with dimensions [3 × Nm] (Nm number of  muscles). For each subject we 

estimated such matrix using multiple linear regressions of each force component, low-pass filtered 

(2nd order Butterworth, 5Hz cutoff) with the rectified, filtered, re-sampled, baseline subtracted, 

MVC normalized EMG data recorded during the hold phase in all conditions. While the relationship 

between muscle activation and end-point force is generally not linear, for low muscle activation 

required for the force magnitude of the targets used in the experiment (0.2 MVF) linearity provided 

an adequate approximation  (Lawrence and De Luca, 1983). 

 

Minimum effort predictions. We predicted the observed muscle activations pattern (m
obs

) for each 

force target either by minimizing the sum of squared muscle activation (m
musc

)(Buchanan and 

Shreeve, 1996;van Bolhuis and Gielen, 1999;Todorov and Jordan, 2002) or by minimizing the sum 

of squared synergy activations (m
syn

), under the constraint that the predicted pattern generates the 

desired force target according to the linear EMG-to-force mapping (H): 
2

argmin( ) such that  = musc m m f Hm  

2
argmin( ) such that  = 

syn syn

syn

 




m Wc

c c f HWc
 

We used the MATLAB function quadprog to find these minima. 

Statistical analysis.A Wilcoxon rank-sum test was performed for each subject to evaluate if the 

mean over force targets of the squared error of the prediction obtainedminimizing muscle effort 

(mmusc), εmusc
2
 = ||mmusc – mobs||, was statistically different from the squared error of the prediction 

obtainedminimizing synergy effort (msyn), εsyn
2
 = ||msyn – mobs||

2
. 

 

 

Results 
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All subjects were able to reach the force targets and to maintain the force within the required 2% 

MVF tolerance for 3 s. Example of the raw EMG and force data recorded for three trials to targets 

are shown along the positive Fx, Fy, and Fz axes are shown in Fig. 2. 

 

 

Figure 2: Examples of raw EMG and force data. Data were recorded during three trials of subject 8 

with targets at 20% MVF along the positive Fx axis (first column, target 16 in Fig. 1), the positive 

Fy axis (second column, target 18 in Fig. 1), and the positive Fz axis (first column, target 32 in Fig. 

1). The vertical dashed lines indicate the beginning and the end of the hold phase. 

 

Directional tuning of muscle activations 
 

As in previous studies(Flanders and Soechting, 1990;Roh et al., 2012), we found that the activation 

of  most muscles was modulated by force direction. Figure 3 illustrates the modulation of the 

activity of 17 arm muscles recorded in subject 8as a function of the azimuth of the force target on 

three different horizontal planes (elevation angles: -29°, 0°, 29°) . For each muscle and target 

elevation, the directional tuning of the mean activity during the hold phase is illustrated by a polar 

plot in which the muscle activity is indicated by the radial distance of a marker in the direction of 

the target azimuth. Most muscles showed a directional tuning resembling the tuning expected by a 

spatial cosine function. For muscles with a preferred direction vector of the best fitting spatial 

cosine function lying close to the horizontal plane (e.g. TrapMid and PectStern), their azimuth 

directional tuning resembles a circle tangent to the origin. For muscles with a large vertical 

component in their preferred direction (e.g. BicLong, BicShort, TriLong, TriLong, TriMed), the 

dependence if their activation on elevation is evident in the different radii of the circles. One 

muscles (BracRad) had a very narrow and non-significant spatial cosine tuning (p = 0.14). Other 

muscles had a significant (p < 0.05) but poor (R
2
 value of the cosine fit less than 0.5) spatial cosine 

tuning (TeresMaj, LatDors, TrapInf, TrapSup). Across subjects, 0.9 ± 0.3 (mean ± SD) muscles had 

a non-significant (p >0.05) spatial cosine tuning and 3.2 ± 1.8 a poor fit (R
2 

< 0.5).  
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Figure 3: Example of directional tuning of muscle activations. Polar plots representing the average 

EMG activity (hold phase, normalized to MVC) for targets on three horizontal planes at different 

elevations (lightgray: -29°,targets 6-12, medium gray: 0°,targets 13-20, darkgray: 29°, targets 21-

27) recorded in subject 8. The numeric value at the bottom right of each plot represents the fraction 

of mean MVC across all directions for each muscle and corresponds to the radius of the dashed 

circle. The direction of each marker represents the direction of the horizontal force components, its 

radius the average EMG activity when holding the target in that direction. Markers are interpolated 

by splines in polar coordinates. 

 

Muscle synergies 
 

We decomposed the muscle patterns recorded during the hold phase as combinations of muscle 

synergies identified by the NMF algorithm. Across subjects (Figure 4) the number of synergies 
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selected  according to a threshold either in the fraction of the total data variation explained by the 

synergies (R
2
) or in the mean squared error of a linear fit of the final portion of the R

2
 curve (see 

Materials and Methods) ranged from 6 to 7 (6.4 ± 0.5, mean ± SD). The corresponding R
2
 values 

ranged from 0.90 to 0.95 (0.93 ± 0.01). Thus, a small number of synergies captured the modulation 

of activity in many arm muscles across directions and magnitudes of isometric force generated at 

the hand. Figure 5A shows the six synergies identified in the muscle patterns of subject 8. Each 

synergy has a different balance of activation across muscles, with some muscle more strongly active 

than others (TrapMid, DeltM, DeltP in W1, TerMaj, LatDors, TrapInf, TrapMid, TriLong, DeltP 

and PectMajStern in W2, TriLat, TriLong,TriMed, DeltM and DeltP in W3, InfraSpand TrapSupin 

W4, BicLong and BicShortin W5, TerMaj, PectStern, and PectClav in W6) and with many muscles 

recruited in multiple synergies.  

 

 
Figure 4: Selection of number of synergies. The number of synergies is chosenfor each subject as 

(i) the smallest N for which the R
2
value (blue markers and line) was larger than 0.9 (red dashed 

line) or (ii) the point at which the R
2
 vs. N curve had a change in slope (MSE error of linear fit from 

N to max(N) below 10
-4

, green dashed line).In case of mismatch between the two criteria, the set of 

synergies with smallest number of similar preferred directions was selected (red/green marker, 

smallest number of synergy pairs with an angular difference between preferred direction below 

20°). 

 

Synergy activation coefficients were in most cases also well captured by a spatial cosine function. 

The directional tuning of the activation coefficients of the six synergies of subject 8 (Figure 5B) 

was always significant (p < 10
-4

) and well reconstructed by a cosine fit (R
2
> 0.5). Across subjects, 

only subject 6 had 4 out of 7 synergy activation coefficients not well fitted by a cosine functions (p 

= 0.40, 0.22, 0.05, 0.05) while all other subjects had a significant (p < 0.05) spatial cosine tuning. 

Across all subjects, only 1.2 ± 1.7 synergy activation coefficients had a poor fit (R
2 

< 0.5).  
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Figure 5: Example of muscle synergies and directional tuning of activation coefficients. (A) Six 

synergies (W1-W6)  identified by NMF from the filtered and time-averaged EMGs of subject 8  

recorded during the hold phase of all trials. The bar plot in each column (color coded) shows the 

components of one synergy vector, normalized to its maximum. (B) Directional tuning (polar plot 

as in Fig. 3) of the synergy activation coefficients for force targets on three horizontal planes. 

 

EMG-to-force matrix and synergy directional tuning 
 

As in previous studies of muscle activation during isometric force production (Valero-Cuevas et al., 

2009), we modeled the mapping between EMGs and sub-maximal magnitude (20% MVF) end-

point force linearly. An EMG-to-force matrix (H) was estimated with multiple linear regressions of 

the mean EMG and forces recorded in the hold phasefor each subject. Figure 6Aillustrates force 

vectors associated to the activation of each muscle (columns of H) for subject 8. These force 

vectors in most cases matched the pulling directions of the muscles expected from their anatomical 

configuration. For example, on the horizontal plane (left), BracRad (elbow flexors) and TeresMaj 

(shoulder internal rotator and adductor) were associated to dorsally directed (negative Fy) forces, 

TriMed (elbow extensors) to a ventrally directed (positive Fy) force, PectClav and PectStern 

(shoulder flexors) to medially directed (negative Fx) forces, and DeltM (shoulder abductor) to a 

laterally directed (positive Fx) force. On the sagittal plane (middle), DeltA (shoulder adductor), 

InfraSp (shoulder external rotator), and PectClav showed a large rostral (positive Fz) and ventral 

force, BracRad a large rostral and dorsal force, TeresMaj a large caudal (negative Fz) and dorsal 

force, and TriMed a large caudal and frontal force. In the frontal plane (right) the two portions of 

pectoralis major showed distinct rostro-caudal (Fz) components. Across subjects, the forces 

recorded during the hold phase were reconstructed accurately by the product of the EMG-to-force 

matrix times the recorded EMGs (R
2
 = 0.89 ± 0.02, mean ± SD, n = 8, for the reconstruction of the 

individual force samples in all trials; R
2
 = 0.97 ± 0.01 for the reconstruction of the force averaged 

across time and trials to the same target by averaged EMGs). 

 



48 

 

 
Fig.6: Example of spatial forces associated to muscle and synergies. (A) The EMG-to-force matrix 

H(left: projections of the columns of Hon the Fz = 0 plane, middle: projection on the Fx = 0 plane, 

right: projection on the Fy = 0 plane)estimated by linear regression of EMG and force data for 

subject 8.(B) Forces associated to the synergies (columns of the matrix obtained by multiplying the 

EMG-to-force matrix Hby the synergy matrixW) of subject 8. 

 

We also estimated the force associated to the activation of individual muscle synergies by 

multiplying the EMG-to-force matrix with the synergy matrix (columns of the HW matrix, Figure 

6B). Each synergy had a distinct force direction in space. W1 was associated to a lateral force, W2to 

a dorso-caudal force, W3 to a ventro-caudal force, W4 to a ventro-rostral-lateral force, W5 to dorso-

rostral force, and W6 to a medial force. However, with respect to individual muscle forces, there 

were larger angular differences between individual synergy force directions. 

 

Muscle Activations Predicted by Minimum Effort Criteria 
 

We compared the muscle activation observed in all force directions with those predicted 

byminimizing either muscle effort or synergy effort. Examples of the directional tuning curves on 

the horizontal force plane (polar plot, left) and for all directions (right) of three muscles (InfraSp, 

TrapMid, and DeltM) of subject 8 are illustrated in Figure 7. In all three cases the predicted tuning 

curves peak in same directions as the observed curves but in some cases they do not fit well the 

whole curve. For InfraSp (first row), the minimum muscle effort curve underestimates the observed 

curve and the minimum synergy effort curve overestimates it. For TrapMid (second row), muscle 

effort minimization predicts a very weak activation while the minimum synergy effort prediction 

closely matches the observed data. For DeltM (third row), the minimum synergy effort prediction 

again matches the observed while the minimum muscle effort prediction overestimates them. These 
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differences between the two predictions depend on how the forces associated to the muscles (the 

columns of the H matrix, Fig. 6A) and the synergies (Fig. 6B) can be combined to minimize effort. 

For example, the minimum muscle effort criterion predicts an activation of TrapMid much weaker 

than the minimum synergy effort criterion because the minimum muscle norm solution is achieved 

by recruiting more strongly other muscles with a pulling direction close to that of TrapMid but with 

a larger forcer magnitude (in particular BracRad, see Fig. 6A). In contrast, TrapMid  has a stronger 

activation with the minimum synergy norm solution because it is recruited within W1 (see Fig. 5) 

and no other synergies can generate forces in the medial-dorsal direction with small activations. 

Across subjects, we found that the mean squared error of the minimum synergy effort prediction 

was lower than the error of the minimum muscle effort prediction (Figure 8A). The difference of 

the squared error, averaged across muscles and targets, between the two criteria was significant 

(Wilcoxon rank-sum test, p = 10
-30

, n = 8). We then compared the squared prediction error of the 

two models with the reconstruction error of the synergies. For all subjects, the fraction of the 

variation of the muscle patterns across force targets, averaged over repetitions to the same target, 

explained by the combinations of the synergies (Figure 8B, black bars, R
2
 = 0.95 ± 0.01, mean ± 

SD) was much higher than the fraction explained by both models. However, the minimum muscle 

effort model had a larger R
2
 value (green bars, 0.02 ± 0.20) than the minimum synergy effort model 

(red bars, 0.65 ± 0.10). 
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Figure 7: Examples of directional tuning of muscle activation observed and predicted by minimum 

effort criteria. Muscle activation for three muscles of subject 8 are illustrated. Left: polar plots of the 

directional tuning on the horizontal force plane (Fz = 0, targets 13-20). Average EMG activity 

during the hold phase if normalized to the MVC value of each muscle. Dashed circles represent the 

normalized activity indicated by the label. Right: Average EMG activity for all 32 targets. Blue 

markers and lines (interpolating the markers with spline curves in polar coordinates) represent 

experimental data, green markers and lines (interpolating the markers with spline curves with 

negative values set to zero) represent predictions according to the linear EMG-to-force model with 

the minimum muscle effort criterion, red markers and lines with the minimum synergy effort 

criterion.  
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Figure 8: Model prediction error. (A) Mean ± SE of the squared error, over muscles and force 

targets, of the minimum muscle effort prediction (green bars) and the minimum synergy effort 

prediction (red bars) for all subjects. (B) Comparison of the R
2
 values for the synergy 

reconstruction (black bars) and the model predictions. 

 

Discussion 
 

We investigated muscle patterns underlying the generation of isometric force at the hand along 32 

uniformly distributed directions in tri-dimensional space. Across subjects, the directional tuning of 

most muscles was well captured by a spatial cosine function and muscle patterns for all force targets 

could be reconstructed by the combinations of 6 or 7 muscle synergies identified by NMF. We then 

estimated the force associated to muscle activation by multiple linear regressions and we used such 

linear mapping to predict the minimum muscle effort and the minimum synergy effort muscle 

patterns for each force target. We found that the prediction error with both minimum effort criteria 
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was larger than the synergy reconstruction error but the error obtained minimizing the synergy 

effort was significantly smaller than the error obtained minimizing muscular effort. These results 

suggest that the CNS recruits sub-optimal combinations of muscle synergies to generate isometric 

forces.  

The estimation of the mapping between muscle activity and isometric force at the hand was 

necessary to predict the minimum effort muscle patterns for a given force target. We approximated 

such mapping during the generation of a static isometric force (hold phase) as a linear 

transformation between rectified, low-pass filtered, MVC-normalized EMGs and low-pass filtered 

forces. We could then estimate an EMG-to-force matrix by linear regression of the force 

components as a function of the activity of all recorded muscles. The assumption of linearity is 

reasonable when the posture does not change and generated forces are much smaller than the MVF 

(Lawrence and De Luca, 1983), as in our case. Linear models have been used before to predict 

isometric forces from EMG recordings (Valero-Cuevas et al., 2009) and minimum effort muscle 

patterns (Fagg et al., 2002). However, our linear approximation of the mapping between muscle 

activity and force may have contributed to the model prediction error. Qualitatively the muscle 

pulling directions estimated by multiple linear regressions appeared compatible with the directions 

expected from the known anatomical arrangement and mechanical action of the muscles. A 

quantitative evaluation of the EMG-to-force matrix obtained with our simple procedure might be 

possible by comparing such matrix with one derived using a detailed musculoskeletal model of the 

arm (Holzbaur et al., 2005) but such comparison is challenging because of the many subject-

specific anatomical and physiological parameters that need to be determined in order to generate 

reliable predictions with a musculoskeletal model. Thus, we believe that our simplifying 

assumptions are adequate for the purpose of comparing the two minimum effort criteria, since both 

minimizations rely on the same EMG-to-force matrix. A second concern with our approach is the 

selection of the number of synergies. We used two criteria frequently used in the muscle synergy 

literature (Tresch et al., 2006;Delis et al., 2013): the total variation accounted by the synergies 

(synergy reconstruction R
2
) (Tresch et al., 1999;Torres-Oviedo et al., 2006) and the detection of a 

change in slope in the R
2
curve (d'Avella et al., 2003;Cheung et al., 2005). In case of discrepancy 

between the two criteria we selected the number of synergies with a more uniform distribution of 

the preferred directions of the synergy activation coefficients. Both criteria depend, however, on ad-

hoc thresholds and thus, while they ensure a meaningful comparison across subjects, they cannot 

guarantee that the correct number of synergies is selected. In a recent study of the muscle synergies 

underlying force production in a task similar to ours (Roh et al., 2012), a smaller number of 

synergies has been reported (3-5). Such difference may be due to the smaller number of muscles 

recorded in that study (8 vs. 13 in ours) and to the different definition of variance accounted for 

(VAF). As muscle patterns are multidimensional observations, we referred the synergy 

reconstruction error to the total variation (Mardia et al., 1979) of the muscle patterns, i.e. the 

multidimensional generalization of the variance of a scalar observation, and we defined R
2
 = 1 – 

SSE/SST, with SSE the sum of the squared residual and SST as the sum of the squared residual 

with respect to the mean muscle pattern, proportional to the total variation (d'Avella et al., 

2006;Delis et al., 2013). Roh and colleagues, in contrast, defined VAF = 100 × (1 – SSE/SST), with 

SST sum of the squared data, i.e. without subtracting the mean muscle pattern. As a consequence 

such VAF value is higher than the R
2
 value for the same number of synergies and a smaller number 

of synergies are selected with the same threshold (90%). When we performed the same analysis of 

Roh and collaborators on our data, using the same 8 muscles, we found a comparable number of 

synergies (3-5). Notably, a minimum number of 4 synergies is required to generate forces in all 

spatial directions by non-negative combinations (Davis, 1954). 

A number of previous studies have investigated whether the observed muscle patterns can be the 

result of effort minimization. Buchanan and Shreeve (1996) used models of the muscles about the 

elbow (eleven muscles) and wrist (five muscles) to compare the observed directional dependence of 

muscle activation with the prediction from the minimization of several cost functions, including 
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sum of muscle force, stress, and normalized force (Buchanan and Shreeve, 1996). The choice of 

cost function had little influence on the results and all cost functions were not able to reliably 

estimate muscle activation as a function of force direction, even if predictions at the wrist were 

more favorable than those at the elbow due to the smaller number of muscles and degrees-of-

freedom. A sensitivity analysis indicated that the discrepancies between predicted and observed 

values could not be explained by errors in the physiological parameters of the models, calling into 

question the applicability of optimization analysis to study such tasks. Our results are in accordance 

with those observations and extend them to the generation of hand forces by a larger number of 

muscles acting at the elbow and the shoulder. Moreover, the larger prediction errors that we 

obtained minimizing muscle effort with respect to synergy effort suggest that the synergistic 

recruitment of muscles contributes to the sub-optimal co-activation of muscles. Investigating wrist 

movements, Fagg and colleagues showed that minimizing effort, defined as we did as the sum of 

squared muscle activations, yields muscle activation patterns qualitatively similar to those observed 

experimentally, in particular, reproducing the observed cosine-like recruitment of the muscles as a 

function of movement direction and also appropriately predicting that certain muscles will be 

recruited more strongly in movement directions that differs significantly from their direction of 

action (Fagg et al., 2002). While our model predictions also reproduced cosine-like recruitments 

and qualitatively similar directional tuning curves in several muscles, in many cases we did 

observed qualitative and substantial discrepancies between predicted and observed muscle 

activations. Such poorer model performance may be due, as observed by Buchanan and Shreeve, by 

the larger number of muscles and degrees-of-freedom considered in our study. A recent study used 

a static quadrupedal musculoskeletal model of the cat to predict limb forces and muscle activity in 

response to multidirectional postural perturbations while minimizing different formulations of 

control effort, including muscle and synergy effort (McKay and Ting, 2012). Patterns of muscle 

activity producing forces and moments at the center of mass necessary to maintain balance and the 

resulting ground reaction forces predicted by the models were compared to experimental data. Limb 

forces at different stance distances were well predicted by both minimum-effort solutions. Muscle 

tuning directions were found to be invariant across postural configurations, similar to experimental 

data, but the quality of the muscle pattern predictions were not quantified and there also appeared to 

be discrepancies (see their Fig. 8), especially for the minimum muscle effort solution (e.g. no 

activity predicted in biceps femoris and gracilis), matching our observations in the human arm. 

Finally, McKay and Ting concluded that reduced-dimension neural control mechanisms such as 

muscle synergies can achieve similar kinetics to the optimal solutions, even if with an increased 

control effort, demonstrating the feasibility of muscle synergies as physiological mechanisms for 

the implementation of near-optimal motor solutions. In our study we could not assess kinetics 

predictions, as the generation of a specific force target was a constraint in the optimization, and we 

focused instead on more detailed muscle pattern predictions, but our results also support the 

conclusion of near- or sub-optimal generation of three-dimensional forces by muscle synergy 

combinations.   

The fact that the observed muscle activation patterns did not minimize muscle or synergy effort 

does not rule out the possibility that they minimized some other cost. The additional co-contraction 

inherent in the non-minimal effort solutions might be related to an increase in stiffness during the 

hold phase possibly due to endpoint stability maximization. Since the task was isometric, in 

principle there was no need to increase endpoint stiffness to generate a target output force precisely. 

On the contrary, because of signal-dependent noise in force production by muscle activation, the 

precision would decrease with an increase in co-contraction. However, subjects had to control a 

moving cursor in a realistic virtual environment and they might have adopted a control strategy 

usually employed when required to generate a force while maintaining a freely moving endpoint, 

typically a tool, close to a fixed position. In those conditions an increase in stiffness associated to an 

increase in co-contraction would be an appropriate control strategy to achieve higher positional 

stability at the cost of an additional muscular effort. Thus, as suggested in recent studies, the CNS 
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might adopt habitual rather than optimal (de Rugy et al., 2012) or locally rather globally optimal 

(Ganesh et al., 2010) muscle coordination strategies. 

Whether muscle synergies are organized by the CNS to simplify motor control and motor learning 

(Giszter et al., 2007;Bizzi et al., 2008;d'Avella and Pai, 2010;d'Avella and Lacquaniti, 2013) or they 

are results from biomechanical and task constraints (Todorov and Jordan, 2002;Kutch et al., 

2008;Kutch and Valero-Cuevas, 2012) is a controversial issue (Tresch and Jarc, 2009). Evidence for 

muscle synergies as neural control strategies has come mainly from the low-dimensionality in the 

muscle patterns recorded during a variety of behaviors and task conditions and across different 

species (Tresch et al., 1999;d'Avella et al., 2003;Krishnamoorthy et al., 2003;Hart and Giszter, 

2004;Ivanenko et al., 2004;Cheung et al., 2005;Ivanenko et al., 2005;Ting and Macpherson, 

2005;d'Avella et al., 2006;Torres-Oviedo and Ting, 2007;d'Avella et al., 2008;Overduin et al., 

2008;Muceli et al., 2010;d'Avella et al., 2011;Dominici et al., 2011), from neural recordings and 

stimulation (Saltiel et al., 2001;Ethier et al., 2006;Gentner and Classen, 2006;Gentner et al., 

2010;Hart and Giszter, 2010;Overduin et al., 2012), and, recently, from the observation that 

adaptation to a perturbation of the normal mapping between muscle activity and force, simulated in 

a virtual environment using myoelectric control, is slower when the perturbation is not compatible 

with the synergies than when it is (Berger et al., 2013). In contrast, two recent studies have argued 

against the neural origin of the muscle synergies involved in the generation of isometric forces. 

Kutch and colleagues compared the directional dependence of the covariance of the force 

fluctuations observed experimentally during the generation of planar isometric forces with the index 

finger with the directional dependence predicted by either a minimum synergy effort model of a 

minimum muscle effort model (Kutch et al., 2008). They argued that, if individual muscles are 

activated flexibly and the force they generate is affected by signal-dependent noise(Harris and 

Wolpert, 1998), the force generated in the direction of action of an individual muscle must show a 

covariance ellipse elongated in the direction of the force. In contrast, if muscles are recruited within 

fixed synergies, multiple muscles are always activated simultaneously and the force covariance 

must be on average less elongated in the direction of the target force. For isometric forces generated 

by the index finger on a plane, the observed force covariance directness was found to be more in 

agreement with the directedness predicted by minimum muscle effort than the directedness 

predicted by minimum synergy effort. While we plan to test the directedness of the force covariance 

of three-dimensional also for forces generated at the hand by several arm muscles, a concern with 

the prediction of the synergistic force covariance by Kutch and colleagues comes from the fact that 

the synergies used in the calculation were not extracted from the data, as we did, but generated 

randomly while the directedness was evaluated in the directions of the experimentally observed 

maximal values. Kutch and Valero-Cuevas studied the generation of isometric forces by actuation 

of the tendons of a cadaveric index finger and with a model of the human leg (Kutch and Valero-

Cuevas, 2012). They argued that, if the set of all possible muscle coordination patterns that produce 

any single endpoint forcevector are themselves a low-dimensional subset, the observed low-

dimensionality of the muscle patterns could bemisinterpreted as neurally-generated muscle 

synergies. Principal component analysis was performed on the set of all vertices of the solution set 

inmuscle activation space for 16 planar force directions, identified with computational geometry 

techniques using the linear muscle-to-force mapping derived experimentally or from the model. The 

dimensionality of all possible coordination patterns resulted indeed lower than the number of 

muscles, thus providing an assessment of the upper limit imposed by biomechanics, but, at least for 

the leg model, higher than the dimensionality typically observed in the data. Thus, such 

biomechanical limit to dimensionality should be directly compared to the dimensionality extracted 

from experimentally observed muscle patterns, as we also plan to do, to draw any conclusion on the 

neural origin of muscle synergies.  
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In conclusion, we have demonstrated that muscle patterns underlying the generation of three-

dimensional forces can be reconstructed accurately by the combination of a small number of muscle 

synergies but they could not be predicted accurately by either minimization of muscle effort or 

synergy effort. However, the minimum synergy effort model fitted the experimental data better than 

the minimum muscle effort model, suggesting that the CNS generates three-dimensional forces by 

sub-optimal recruitment of muscle synergies. 
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1.1.4 Temporal structures of locomotor primitives adapt to 

environmental feedback
3
 

 

Abstract 
Evidence in the literature suggests human locomotion may be controlled by combining a small set 

of basic muscle activity patterns or ‗locomotor primitives‘. To explore how these patterns adapt to 

environmental constraints, ten healthy young adults first walked on a split-belt treadmill at 

symmetric speeds of 4 and 6 km/h. An asymmetric condition was then performed for 10 min. in 

which treadmill speeds for the dominant and non-dominant sides were 6 and 4 km/h respectively. 

This was immediately followed by a symmetric speed condition of 4 km/h for 5 min. Gait 

kinematics and ground reaction forces were recorded. Electromyography (EMG) was collected from 

12 lower limb muscles on each side of the body. Non-negative matrix factorization was applied to 

the EMG signals bilaterally and unilaterally to obtain basic activation patterns. A cross-correlation 

analysis was then used to quantify temporal changes in the locomotor primitives. During the early 

(first 10 strides) and late (final 10 strides) phases of the asymmetric condition, primitives related to 

dominant ankle plantar flexor and non-dominant quadriceps muscle activity occurred earlier in the 

gait cycle (related to toe-off and contralateral heel contact) when compared to locomotion during 

the symmetric conditions. Moreover, a bilateral temporal alignment of basic components between 

limbs was still maintained in the split-belt condition since a similar shift was observed in the 

unilateral components. The results suggest that the temporal structure of these locomotor primitives 

is shaped by environmental feedback and bilaterally linked.  

  

Introduction 
Locomotor behaviors involve activation of many muscles. There is a large body of work that 

suggests animal locomotion is controlled by spinal central pattern generators (CPGs) (Grillner 

1979; Kiehn 2006). Many theories regarding the control of locomotion are based upon this 

hypothesis. It has also been proposed that the mammalian CPG has two layers: a rhythm-generating 

layer distinct from a pattern-generating layer (Patla 1985; McCrea and Rybak 2008). Such 

organization provides flexibility and the ability to adapt gait patterns to environmental demands. 

Although adaptive changes occur in our daily lives without much thought, we do not have a 

complete understanding as to how the central nervous system (CNS) accomplishes these tasks. 

Despite an involvement of numerous muscles, evidence in the literature also suggests human 

locomotion may be controlled by combining a small set of muscle activity patterns (Lacquaniti et al. 

2012). In particular, an essential feature of the controller is a tight bilateral coordination of the 

lower limbs and their muscle activations (Olree and Vaughan 1995; Ivanenko et al. 2006).  

 

Various techniques have been utilized to quantify the motor output that arises from the CPG 

control. One such technique has used pattern recognition algorithms (d‘Avella et al. 2003; Tresch et 

al. 2006; Ting et al 2012; Giszter and Hart 2013) and shown that a large proportion of the variance 

in muscle activation during locomotion can be accounted for by 4-5 basic patterns (Davis and 
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Vaughan 1993; Ivanenko et al. 2004; Neptune et al. 2009). These patterns have been referred to as 

locomotor primitives which may be representative of a final expression from CPG control 

(Ivanenko et al. 2004, 2005, Dominici et al. 2011; Lacquaniti et al. 2012).  

There is a debate as to whether the limbs are governed together or independently by CPGs. On one 

side, evidence in infants (Yang et al. 2005) and paradigms that examine transfer of learning 

between limbs (Choi and Bastian 2007) have suggested independent neural networks for right and 

left lower limbs. However, anatomical studies have identified commissural neurons that coordinate 

locomotion between sides in the spinal cord (Butt and Kiehn 2003). Also, past work using factor 

analysis on muscle activity recordings has identified bilateral common factors, which are aligned 

with a half gait cycle shift, therefore coordinating right and left sides (Olree and Vaughan 1995). 

One way to address this coordination between lower limbs is to elicit asymmetric walking, such as 

on a split-belt treadmill.        

 

The use of a split-belt treadmill provides a novel environment in which limb coordination must be 

modulated in order to maintain locomotion. Adaptations to split-belt locomotion were initially 

studied in cats (Forssberg et al. 1980; Halbertsma 1983) and subsequently in adults (Dietz et al. 

1994; Prokop et al. 1995), infants (Thelen et al. 1987; Yang et al. 2005) and pathological 

populations (Morton and Bastian 2006; Reisman et al. 2007; Nanhoe-Mahabier et al. 2013). In these 

studies, there is an adjustment of limb kinematic timing such that an increase of stance time and 

decrease of swing time in the faster moving limb occurs in conjunction with a decrease of stance 

time and increase in swing time in the slower moving limb. The result is a similar stride time and 

maintenance of a 1:1 stepping relationship between limbs. During a bout of split-belt walking, there 

is a fine-tuning of interlimb coordination throughout and aftereffects are seen post-adaptation 

(Reisman et al. 2005). It is thought these kinematic changes are related to proprioceptive 

information from the lower limb, including position, velocity and loading, which influences CPG 

output (Deitz et al. 1994; Prokop et al. 1995). If CPG output is in fact related to a combination of 

locomotor primitives, how do these basic patterns respond to the above mentioned feedback from a 

split-belt treadmill? 

 

The present study utilized a split-belt paradigm to determine what temporal changes occur to 

locomotor primitives in this environment. One hypothesis (#1) could be that these changes are 

linked bilaterally (Olree and Vaughan 1995), in part due to the strong commissural interneuron 

linkages between the left and right sides (Butt and Kiehn, 2003), so that similar temporal changes, if 

any, in primitive bursts may be expected between sides. It is also worth stressing that, despite an 

asymmetric kinematic pattern, a 1:1 relationship between limbs remains in a split-belt condition so 

that the cycle durations are the same for the right and left legs. This may facilitate temporal 

synchronization of basic activation patterns on the two sides of the body. However, other work has 

suggested that limb CPGs can be controlled independently (Yang et al. 2005; Choi and Bastian 

2007) and therefore temporal shifts of locomotor primitives may occur irrespective of each other 

(hypothesis #2). This question may provide insight into the debate between independent and 

dependent control of limb CPGs.  

 

Methods 
 

Participants 
Ten healthy young adults (1 female/9 male, mass: mean XXX SD +/-XX kg, height XXX+/-XX m, 

3 left leg dominant/7 right leg dominant) participated in the study. The studies were in accordance 
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with the Declaration of Helsinki, and informed consent was obtained from all participants according 

to procedures approved by the Ethics Committee at KU Leuven.  

 

Protocol 
Participants walked on a split-belt treadmill (Forcelink, Culemborg, The Netherlands) for a series of 

speed conditions. Initially, tied-belt conditions (both belts moving at the same speed for 2 min.) 

were performed at 4 and 6 km/h which were presented randomly (Fig. 1A). Following these 

conditions, a split-belt condition was performed for 10 min. whereby the treadmill belt speed for the 

dominant limb was 6 km/h and the non-dominant limb 4 km/h (6:4 km/h). Immediately following 

this split-belt condition, a tied-belt condition (post-adaptation) was performed for 5 min. with both 

belts moving at 4 km/h. From these conditions, specific recording windows were selected for all 

analyses of data and included the following: tied 4 km/h (final 10 strides from the 4 km/h 

condition), tied 6 km/h (final 10 strides from the 6 km/h condition), early split-belt (first 10 strides 

from the 6:4 km/h condition), late split-belt (last 10 strides from the 6:4 km/h condition), early post-

adaptation (first 10 strides from the 4 km/h condition immediately following the 6:4 km/h 

condition) and late post adaptation (last 10 strides from the 4 km/h condition following split-belt). 

Averages over the 10 strides for each independent variable were calculated for each participant.   
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Fig 1. Experimental protocol and kinematic gait characteristics. Recordings of 10 strides were made 

at specific instances (represented by dashed lines) during the protocol and are illustrated in ‗A‘. 

Group averaged kinematic gait characteristics (+/- standard error) for the dominant (black) and non-

dominant (white) limbs are displayed in ‗B‘. Statistical differences (p < 0.05) between conditions 

are shown with solid and dashed lines for dominant and non-dominant limbs respectively. 

Significant differences (p < 0.05) between limbs are indicated with an *.  

 

Data recording and analysis 
Full body 3-dimensional kinematics were recorded using a 10-camera Vicon (MODEL) system 

(Oxford, UK) at 100 Hz. Reflective markers were placed on the body according to the plug-in-gait 

model provided in the Vicon system software. All marker data were low-pass filtered offline with a 

second-order, dual-pass (zero phase) Butterworth filter with a cutoff frequency of 7 Hz. In addition, 

ground reaction forces were recorded by force plates integrated into the treadmill at a frequency of 
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2000 Hz. These data were low-pass filtered offline using a second-order, dual-pass (zero phase) 

Butterworth filter with a cutoff frequency of 50 Hz. 

 

Twenty-four channels of surface electromyographic data (EMG) were collected at 2000 Hz using a 

ZeroWire system (AurionS.r.l, Milan, Italy). The muscles recorded in the current study were the 

gluteus maximus, tensor fasciae latae, adductor magnus, rectus femoris, vastuslateralis, 

vastusmedialis, semitendinosis, biceps femoris, lateral gastrocnemius, medial gastrocnemius, soleus 

and tibialis anterior bilaterally. Electrode placement locations were determined using SENIAM 

(Surface ElectroMyoGraphy for the Non-Invasive Assessment of Muscles) guidelines. All EMG 

data were initially high-pass filtered (30-Hz cutoff) offline using a second-order dual-pass 

Butterworth filter and bandstop filtered at a frequency of 50 Hz. EMG data were then full-wave 

rectified and low-pass filtered using a second-order dual-pass (zero phase) Butterworth filter with a 

cutoff of 10 Hz. In addition, EMG data were time-interpolated to 200 points for inter-stride 

averaging.   

Force plate data were used to determine the times of heel contact (when the force in the vertical 

direction exceeded 15 N) and toe lift-off (when the force in the vertical direction decreased below 

15 N). From these data, individual stride, stance and swing times were calculated. Foot excursion 

was determined by subtracting the maximum anterior heel placement from the maximum posterior 

heel placement throughout a single stride with respect to the laboratory coordinate system.   

 

Basic activation patterns 
Non-negative matrix factorization (NNMF) was used to identify underlying patterns in the EMG 

recordings using a linear decomposition according to the following formula:  

 

E = W•C + residual 

 

whereby E (m x t matrix, where m is the number of muscles and t = 200 samples) containing the 

spatiotemporal patterns of muscle activity, is a linear combination of W (m x n matrix, where n is 

the number of components) weighting coefficients or loadings and C (n x t matrix) basic 

components.This was performed in 3 ways: bilaterally (all EMG recordings time normalized to 

dominant heel contact), unilateral dominant and unilateral non-dominant (only 12 EMG recordings 

from each side and time normalized to heel contact of the dominant limb).  

Prior to NNMF, individual EMG recordings for each muscle were averaged over the 10 strides for 

the window being analyzed and were subsequently normalized in magnitude. This normalization 

consisted of dividing each data-point for a specific muscle by the maximum amplitude of that 

muscle over all averaged windows. This procedure was performed for each participant individually. 

If an EMG signal appeared to contain artifacts, this muscle was deleted for the particular stride. To 

determine the appropriate number of components output from the analysis, NNMF was applied 

using 1-8 components and the percent of variance (PoV) accounted for by these components was 

determined and ordered for illustration purposes with respect to component peak timing. This was 

then averaged over the 10 participants for each individual condition and if the addition of a 

component did not explain more than 7% of the variance, the remaining were eliminated. This 

resulted in maintaining 4 components for the bilateral and unilateral analyses. The percent variance 

accounted for by these components was 82.5, 91.8 and 91.2% for the bilateral, unilateral dominant 

and unilateral non-dominant analyses respectively. This cutoff value generally corresponded with 

the sharp change in slope seen in the PoV plots that has been used previously to determine the 

number of components to maintain (d‘Avella et al. 2003). For illustration purposes, each component 

(and corresponding loading) was normalized to the component‘s peak magnitude. To quantify 

changes in the temporal position of each component, a cross-correlation was performed to 
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determine the phase difference (presented as a % change in the gait cycle) using the tied-belt 4km/h 

condition as a reference.   

 

Statistics 
To determine statistical differences between conditions, a one-way repeated measures ANOVA was 

applied to all kinematic variables. If this ANOVA was significant for the kinematic variables, 

planned comparisons were performed using a Tukey test. For both limbs, planned comparisons 

where performed between 4 & 6 km/h, early & late split-belt, early & late post-adaptation, 4 km/h 

& early post-adaptation, 4 km/h & late post-adaptation. However for the individual limbs in the 

split-belt conditions, the planned comparisons were dependent on the limb being examined; the 

treadmill speed for the dominant limb in the split-belt condition was 6 km/h and therefore 

comparisons for this limb were made with the tied belt speed of 6 km/h (6 km/h & early split-belt, 6 

km/h & late split-belt). Similar comparisons were made for the non-dominant limb with a belt speed 

of 4 km/h (4 km/h & early split-belt, 4 km/h & late split-belt). In addition, a one-way repeated 

measures ANOVA was applied to the output of the cross-correlation analysis applied to the 

components extracted from EMG data and a Tukey test was used to make post-hoc comparisons. 

Statistical significance was determined at p < 0.05.                

 

 

Results 
 

Gait Kinematics  
Consistent with previous results, temporal aspects of gait kinematics were adjusted when walking 

on the split-belt treadmill (Fig. 1B). In the current study, stride time changed in the dominant 

(F(5,40) = 67.62, p < 0.001) and non-dominant (F(5,40) = 60.41, p < 0.001) limbs over the 

treadmill speed. In each limb, stride time was lower in the 6km/h condition than the 4km/h (p < 

0.001) as well as in the early compared to late split-belt conditions (dominant: p < 0.017, non-

dominant: p < 0.024). Dominant stride time was also greater in the late split-belt condition when 

compared to the tied-belt 6 km/h condition (p < 0.001). Non-dominant stride time was lower for 

early (p < 0.001) and late (p < 0.001) split-belt conditions when compared to the 4 km/h tied-belt 

condition.  

 

These changes in stride time were reflected in stance and swing time modulations. Main effects for 

stance time in the dominant (F(5,40) = 163.86, p < 0.001) and non-dominant (F(5,40) = 35.82, p < 

0.001) limbs were shown and further analysis suggested stance time was lower in the 6km/h 

compared to the 4km/h condition in the dominant (p < 0.001) and non-dominant (p < 0.001) limbs. 

The non-dominant stance time was also greater in the early split-belt condition when compared to 

the limb moving at 4km/h (p < 0.001). Between limbs, stance time was also greater in the non-

dominant when compared to the dominant limb during the early (p < 0.001) and late (p < 0.001) 

split belt conditions.  

 

Accordingly, swing time was modulated throughout the treadmill speed conditions (dominant: 

F(5,40) = 10.36, p < 0.001; non-dominant: F(5,40) = 91.53, p < 0.001, Fig. 1c). Again, swing time 

was lower in the 6km/h condition when compared to the 4km/h for the dominant (p < 0.006) and 

non-dominant (p < 0.001) limbs. In the dominant limb, swing time was longer in the early (p < 

0.006) and late (p < 0.001) split belt condition when compared to the equivalent tied belt speed. A 

decrease in swing time was shown for the early (p < 0.001) and late (p < 0.001) split-belt conditions 
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when compared to the 4km/h tied belt speed in the non-dominant limb. Additionally, swing time 

was shown to increase in the non-dominant limb between early and late split-belt conditions (p 

<0.024). Between limbs, swing time was greater in the dominant limb for the early (p < 0.001) and 

late (0.001) split-belt conditions.  

 

Along with these temporal characteristics, the excursion of the foot also underwent changes over 

the different treadmill speed conditions (dominant: F(5,40) = 113.96, p < 0.001; non-dominant: 

F(5,40) = 66.88, p < 0.001, Fig. 1d). In each of these limbs, excursion was greater in the 6km/h 

when compared to the 4km/h conditions (both limbs; p < 0.001). For the dominant (p < 0.001) and 

non-dominant limbs (p < 0.001), excursion was lower in the early split-belt condition when 

compared to each limb walking at the equivalent tied belt speed. As well, excursions were lower 

during the early split-belt condition compared to the later (dominant: p < 0.001; non-dominant: p < 

0.009). Excursions were also greater in the dominant when compared to the non-dominant limb for 

early (p < 0.001) and late (p < 0.001) split-belt conditions. 

 

In sum, these kinematic variables displayed similar patterns to those seen in previous work 

examining temporal and spatial adaptations to split-belt locomotion (Dietz et al. 1994; Prokop et al. 

1995; Reisman et al. 2005).   

 

Gait Electromyography 
Fig. 2 illustrates EMG patterns for all muscles during the examined treadmill speed conditions. 

With visual inspection, one can see that the EMG waveforms are similar in shape throughout all 

conditions although the amplitudes of these waveforms may change. For instance, ankle plantar 

flexor activity (LG, MG, SOL) appears to be larger in the faster moving dominant limb when 

compared to the slower moving non-dominant limb, consistent with previous work (Dietz et al. 

1994). However, the focus of the current study is the temporal aspects of muscle activity which will 

be examined in the following text using NNMF.  
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Fig 2. Muscle activity patterns in each limb for each locomotor condition. Group averaged muscle 

activity patterns (grey area with black outline) and standard deviation (grey lines) are illustrated for 

the gluteus maximus (GM), tensor fascia lata (TFL), adductor magnus (ADD), biceps femoris (BF),  

semitendinosis (ST), rectus femoris (RF), vastuslateralis (VL), vastusmedialis (VM) , medial 

gastrocnemius (MG), lateral gastrocnemius (LG), soleus (SOL) and tibialis anterior (TA). Muscle 

activations are displayed during the dominant limb stride cycle (seen on bottom).  
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Fig 3. Nonnegative matrix factorization of bilateral muscle activations. The top row of line plots 

illustrates the percentage of variance explained by decomposing the EMG signals into 1 to 8 

components. Each black line in these plots represents the percentage of explained variance 

calculated for a single participant. The horizontal dashed line in these plots indicates 90% of 

explained variance. The middle portion of the figure shows the 4 temporal components extracted 

from the EMG data which are ordered by location of the dominant peak with reference to heel 

contact of the dominant limb. Each blue trajectory shows a temporal component extracted for a 

single participant and the dashed vertical line indicates 50% of the dominant limb gait cycle. Stance 

and swing phases for the dominant and non-dominant limbs are shown below for reference. Group 

averaged component loadings for the 4 extracted components are shown in the bottom portion of 

the figure. Muscle names are identical to those identified in Fig 2. Note the asymmetry between 

dominant and non-dominant limbs for the loadings related to the quadriceps (RF, VL, VM) and 

ankle plantar flexor (MG, LG, SOL) muscles.  
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Fig 4. Nonnegative matrix factorization of unilateral dominant limb muscle activations. The 

organization of this figure is similar to that of Fig 3, however only 12 muscles from the dominant 

lower limb are included. Temporal components are ordered with reference to dominant peak 

location, although component 3 was relatively inconsistent between participants and the general 

pattern of this temporal component was used for ordering. This figure shows the slight temporal 

shift of component 2 in the split-belt conditions. As well, the loadings for the split belt conditions 

appear to be similar to that seen in the 6km/h tied condition.   

 

The results from the bilateral limb analysis are shown in Fig. 3. The 4 components extracted from 

the analysis are consistent for all participants (as seen by the small standard deviation in the 

individual component traces). Examination of the component loadings shows which muscles are 

related to each of the components. Components 1 and 3 are related to ipsilateral hip (GM) and knee 
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(RF, VL, VM) extensor activity for the dominant (component 1) and non-dominant (component 3) 

limbs. Components 2 and 4 are related to ipsilateral plantar flexor activity (MG, LG, SOL) and 

contralateral hamstring activity (BF, ST) in the dominant (component 2) and non-dominant 

(component 4) limbs. Statistical analysis suggested the timing of the first and fourth components 

remained consistent throughout all experimental conditions (p > 0.05, Fig. 6A). However, temporal 

changes were observed in the second (F(4,32) = 20.49, p < 0.001) and third (F(4,32) = 9.04, p < 

0.001) components. The second component occurred earlier in the gait cycle during the early (p < 

0.001) and late (p < 0.036) split-belt conditions when compared to all tied-belt conditions. As well, 

the third component displayed a similar shift occurring earlier in the gait cycle for the early (p < 

0.001) and late (p < 0.04) when compared tied-belt conditions. 

 

NNMF analyses for the dominant and non-dominant limbs are shown in Fig. 4 and Fig. 5 

respectively. In each of these limbs, the shapes of 3 of these components were relatively similar 

between participants (as seen in the bilateral analysis) and a final component was somewhat less 

consistent. Only the 3 consistent components were retained for statistical analysis. The loadings of 

these components were similar between limbs with one component being related to hip (GM) and 

knee (RF, VL, VM) extensor muscles, a second related to ankle plantar flexors (LG, MG, SOL) and 

a final to knee flexor/hip extensor ) activity. In the dominant limb, a change in the component 

temporal position (Fig. 6A) only occurred in the second component (F(4,32) = 22.36, p < 0.001). 

Post-hoc analysis suggested the peak of this component occurred earlier in the early (p < 0.001) and 

late (p < 0.001) split-belt treadmill condition when compared to all tied-belt conditions. As well, the 

non-dominant limb showed a significant main effect for the second (F(4,32) = 12.07, p < 0.001) and 

third (F(4,32) = 4.50, p < 0.005) components. Further analysis showed the second component 

occurred earlier in the early split-belt compared to the 6 km/h tied-belt condition (p < 0.003). As 

well, this second component occurred earlier in the late split-belt condition compared to all tied 

conditions (p < 0.002). Post-hoc analysis suggested the third component occurred earlier in the 

early split-belt condition compared to all tied-belt conditions (p < 0.04).  
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Fig 5. Nonnegative matrix factorization of unilateral non-dominant limb muscle activations. The 

organization of this figure is similar to that if Fig 4, but it is important to note that the temporal 

components are plotted with respect to the dominant limb stride cycle. Visual inspection of the 

loadings for the consistent components (2-4) during the split-belt conditions suggest their 

magnitudes are located between the 4 and 6 km/h tied conditions, yet the limb is moving at 4 km/h.     

 

To explore what kinematic events these temporal shifts were associated, dominant limb toe-off and 

the contact of the non-dominant limb with respect to the dominant gait cycle were also examined 

(Fig. 6B). Changes in dominant limb toe-off where shown (F(4,32) = 36.68, p < 0.001) and further 

analysis showed toe-off occurred earlier in the early (p < 0.001) and late (p < 0.001) split belt 

conditions compared to all tied belt conditions. In addition, toe off was earlier in the 6km/h tied 

condition when compared to early (p < 0.03) and late (p < 0.02) post adaptation. A main effect was 

shown for non-dominant limb contact (F(4,32) = 44.04, p < 0.001) and similar to component 
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timings, this contact occurred earlier in the gait cycle for the early (p < 0.001) and late (p < 0.001) 

split-belt when compared to the tied-belt conditions. As well, non-dominant contact occurred earlier 

in the early post condition compared to the tied 6km/h condition (p < 0.02).    

 

 
Fig 6. Temporal modulation of variables for different treadmill conditions. Modulation of temporal 

components is shown in part ‗A‘, with a positive magnitude indicating a temporal shift to earlier in 

the gait cycle. In the unilateral plots, only the components that were consistent between participants 

are shown. Part ‗B‘ shows the temporal modulation of dominant limb toe-off (left) and non-

dominant limb heel contact (right) for the differing conditions. In sections ‗A‘ and ‗B‘, significant 

differences (p < 0.05) from all tied belt conditions are indicated with an * and differences (p < 0.05) 

from only the 6 km/h tied belt condition are indicated with an ^. A proposed mechanism of CPG 

control is shown in part ‗C‘. Here, proprioceptive feedback is obtained from the dominant and non-

dominant limbs, which is sent to limb CPGs. A tight coupling between each of the CPGs produces a 

coordinated output whereby shifting of individualized limb temporal components occurs 

simultaneously. Dominant (DHC) and non-dominant (NDCH) heel contact are annotated and 

component locations during tied (solid) and split-belt (dotted) conditions are shown.   
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Discussion 
 

Locomotion on a split-belt treadmill leads to asymmetric changes in lower limb movement. Our 

findings support previous work showing a modulation of stance and swing times in each limb 

during the split-belt locomotor conditions (Dietz et al. 1994; Prokop et al. 1995; Reisman et al. 

2005). The novel aspect of the current study is the analysis of multi-muscle EMG patterns during 

split-belt treadmill locomotion and the application of NNMF to show a temporal modulation of 

locomotor primitives in this situation. This modulation included the maintenance of some 

components (e.g., comp 1&4, Fig 6A left panel), while a temporal shift to earlier in the gait cycle 

was seen in the others (comp 2&3, Fig 6A left panel). Although these temporal shifts occurred, a 

bilateral alignment between limbs was still present since a similar shift occurs in the unilateral 

components (Fig. 6A), thus accepting the hypothesis #1 on parallel changes in basic activation 

patterns between sides. Below we discuss the related kinematic and EMG modifications during the 

adaptations investigated in this study.  

 

Adaptation of kinematic and individual muscle activity patterns 
Kinematic adaptations to split-belt treadmill locomotion have been examined in adults (Dietz et al. 

1994; Prokop et al. 1995) as well as cats (Forssberg et al. 1980) and even infants (Thelen et al. 

1987; Yang et al. 2005). A consensus among this work is the modulation of stance and swing times 

whereby a decrease in stance time and an increase in swing time is present in the faster moving 

limb, with opposite effects seen in the slower moving limb. In addition, a refinement of these 

kinematic patterns occurs throughout a bout of split-belt walking. For instance, Reisman et al. 

(2005) showed a steady increase of step length, ultimately reaching a plateau by the end of a split-

belt walking condition, suggesting an adaptation throughout the trial. The results in this study show 

similar limb excursion changes between early and late split-belt locomotion (Fig. 1B). However, a 

post-effect was shown by Reisman et al. (2005) which was not shown by participants here and may 

be due to a smaller difference between slow and fast belt speeds used in this study (1.5:1 vs. 2:1, 3:1 

and 4:1). These results have led previous authors to conclude that feedback from lower limb 

position, velocity and loading influences CPG output (Dietz et al. 1994; Prokop et al. 1995) 

consistent with a general contribution of proprioceptive feedback during walking.  

Less attention in the literature has been directed to EMG activity during split-belt locomotion. 

Using a smaller set of muscles, Dietz et al. (1994) showed participants an increase in gastrocnemius 

activity and decrease in tibialis activity on the faster and slower moving sides respectively, 

concurring with more recent work examining joint moments (Roemmich et al. 2012) and muscle 

activity contributions to center of mass acceleration (Jansen et al. 2013) during split-belt 

locomotion. With visual inspection of Fig. 2, one can see similar changes in gastrocnemius and 

tibialis anterior activity; however this was not a particular interest in the current study. Dietz et al. 

(1994) did note a time-shift of gastrocnemius activity to the earlier part of the gait cycle in the faster 

limb during split-belt locomotion, but this was neither quantified nor expanded upon in the context 

of parallel changes in the bilateral limb coordination.  

 

Basic activation patterns 
The current study focuses mainly upon identifying basic underlying patterns in EMG activity and 

quantifying temporal adjustments of these patterns. Previous work has suggested 4-5 basic patterns 

can account for approximately 90% of the variance in locomotor EMG activity, however, these 

values depend on the number and locations of the muscles recorded (Olree and Vaughan 1995; 

Ivanenko et al. 2004; McGowan et al. 2010; Monaco et al. 2010). It is thought that these patterns or 

‗primitives‘ are present at birth and are refined through development into adulthood (Dominici et al. 

2011). This study examined 4 such primitives in each condition, although only the temporal 
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structures of 3 of these primitives were consistent between participants in the unilateral analyses. 

The fact that people retain these basic patterns during asymmetric locomotion (Fig. 2-4) illustrates 

their general robustness when adapting to environmental constraints.   

 

Results provided here show a temporal shifting to earlier in the gait cycle for a select number of 

these primitives. Both bilateral and unilateral EMG analyses showed similar results, summarized in 

Fig. 6. In the bilateral analysis, the primitives associated with dominant ankle plantar flexion/non-

dominant hamstring activity (comp 2 in Fig. 3B) and non-dominant quadriceps activity (comp 3 in 

Fig. 3B) occurred earlier during the split-belt condition. These temporal shifts were confirmed in 

the unilateral analyses (dominant limb plantar flexor, non-dominant limb hamstring and 

quadriceps). Examination of dominant toe-off and non-dominant heel contact (Fig. 6B) may suggest 

these shifts are related to the asymmetric walking pattern generated by the split-belt treadmill; 

earlier plantar flexion occurs to facilitate the advanced push-off in the dominant limb while earlier 

hamstring and quadriceps activity decelerates the swinging non-dominant limb and accepts the 

weight of the body respectively for advanced non-dominant heel contact. This confirms the 

hypothesis that temporal shifting of locomotor primitives is tightly related to toe-off as shown in 

Ivanenko et al. (2004) for the effect of walking speed.  

 

It has long been argued that locomotion is controlled by spinal CPGs (Grillner, 1979) and 

locomotor primitives extracted from EMG data may be representative of CPG output (Ivanenko et 

al. 2004, 2005; Dominici et al. 2011). The current results show a temporal modulation of this output 

when walking on a split-belt treadmill and the mechanism for this is most likely related to 

proprioceptive feedback obtained in these asymmetric conditions. As previously stated, past work 

has shown the importance of limb position, velocity and loading when adapting locomotor patterns 

on a split-belt treadmill and this information is thought to influence CPG output (Dietz et al. 1994; 

Prokop et al. 1995; Jensen et al. 1998). Furthermore, Frigon et al. (2013) have shown that bilateral 

kinematic phase variations of rat hind limbs are present following spinal cord transection, 

suggesting this temporal organization between sides is located within the spinal cord. Here, we 

present a possible mechanism for CPG modulation when walking on a split-belt treadmill (Fig. 6C). 

As stated, limb specific proprioceptive input provides information to limb independent spinal CPGs 

regarding the motion of the separate treadmill belts during asymmetric locomotion. These 

individual CPGs then modulate the timings of basic locomotor primitives to generate a stable 

walking pattern in the altered environment. Such temporal output has been suggested to be a 

priority during locomotor adaptations (Malone et al. 2012). Moreover, the importance of bilateral 

communication between these limb-specific CPGs is illustrated here since the primitives related to 

dominant plantar flexor activity and non-dominant hamstring activity maintain their simultaneous 

bursts in all the conditions examined in this study.  

 

However, since NNMF and the subsequent analysis of temporal shifting of components did not 

show any statistical differences between early/late split-belt and post adaptation conditions (as seen 

in kinematic variables; Reisman et al. 2005), this suggests the analysis is not sensitive to such small 

changes. This fine tuning of the neural control when adapting the locomotor pattern may be masked 

due to the small effect size (temporal shifts 3-4% of gait cycle, Fig 6A) or be present in the final 

10-15% of the variance that is not explained by the components extracted by NNMF and is not 

quantifiable using such analyses. 

 

In conclusion, we argue that proprioceptive information from the lower limbs modulates CPG 

output with a tight bilateral organization during split-belt locomotion. This mechanism could 

potentially allow for bilateral locomotor adaptations in various environments during both normal 

and pathological gait, although future work is necessary to explore its limits.  
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1.1.5 Can modular strategies reduce dimensionality of neural control 

during multidirectional locomotion?
4
 

 

Abstract 
Each human lower-limb contains over 50 muscles that are coordinated during locomotion. It has 

been hypothesized that the nervous system simplifies the control of these muscles through 

modularity, using a small set of neural patterns to activate groups of muscles, called synergies. To 

evaluate plausible modular strategies we studied multidirectional locomotion and asked: to what 

degree can different architectures reduce the dimensionality of control? We extracted synergies and 

patterns from unilateral electromyographic recordings of 25 muscles during five locomotor tasks. 

For different modular organizations (shared and task-specific) and different modular building 

blocks (fixed synergies and patterns) we computed the number of control modules needed to 

generate muscle activations during locomotion, and assessed trade-offs. We found that simple 

modular architectures varied in their abilities to reduce dimensionality. An architecture using shared 

synergies was least effective at simplifying control. An architecture using shared patterns simplified 

control more and demonstrated the most parsimonious solution in terms of total number of modules, 

but exhibited practical limitations. A control strategy using task-specific libraries of modules 

reduced the dimensionality most, by roughly two-thirds, but required the largest total number of 

modules across tasks. Nevertheless, neural control strategies relying on fixed building blocks may 

be too rigid to generate the comprehensive muscle activations observed during locomotion. These 

results cast doubts on over-simplistic formulations of the modular control theory. Shared modules 

that are strongly adapted by task-specific sensory feedback may be required to effectively reduce 

dimensionality. 

 

Introduction 
The central nervous system uses simplifying motor control principles. For example, intramuscular 

coordination is simplified by the Size Principle (Henneman et al., 1965). The hundreds of 

motoneurons that innervate each lower-limb muscle (Feinstein et al., 1955; Christensen, 1959; 

McComas et al., 1997; McComas, 1998) are not controlled individually, rather a single activation 

signal often recruits motor units from small to large  (i.e., from smaller, fatigue-resistant muscle 

fibers to larger, more powerful ones). Similarly, intermuscular coordination might be simplified by 

the structure of the neuromotor control system. 

Modularity may simplify intermuscular coordination. Each human lower-limb contains over 50 

muscles that are coordinated during locomotion.  Generating a neural command for each muscle 

individually poses a serious computational challenge for neuromotor control (D‘ Avella et al., 2003; 

Giszter et al., 2010). One solution may be a modular strategy that uses a smaller set of neural 

patterns to control groups of muscles, called synergies. Modular strategies have demonstrated the 

potential to reduce the dimensionality of neural commands that must be issued during a motor task 

(Patla et al., 1985; Olree and Vaughan, 1995; Saltiel et al., 2001; Ivanenko et al., 2004; Ting and 

McKay, 2007; Giszter et al., 2010). To be of practical use, modularity must be structured such that 

it can address various locomotor behaviors. 
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The basic building blocks and general organization of modularity remain in dispute (Lacquaniti et 

al., 2012). Muscle synergies and activation patterns (Fig. 1A) have both been suggested as the 

fundamental modules (or primitives) that can be flexibly combined to generate muscle activations 

for disparate behaviors (Bizzi et al., 1991, 1995; Tresch et al., 1999 p.199; d‘ Avella et al., 2003; 

Hart and Giszter, 2004; Ivanenko et al., 2008; Kargo and Giszter, 2008; Overduin et al., 2008; 

Torres-Oviedo and Ting, 2010). For instance, various motor behaviors might be performed by 

activating a set of invariant synergies with patterns of different timing and magnitude. 

Alternatively, a controller might reuse fixed temporal patterns, but modulate which groups of 

muscle synergies they activate and in what proportion. Whatever the modular building blocks, they 

could be organized in different ways. In a task-independent architecture the building blocks would 

be organized into a single library that is shared amongst all tasks (Fig. 1B). In a task-dependent 

architecture, the opposite extreme, each task would have its own specific library (Fig. 1C). 

We hypothesized that these different modular architectures would exhibit varying abilities to 

simplify control across a range of locomotor tasks. We measured muscle activity during 

multidirectional locomotion and used factorization techniques to evaluate the efficacy of each 

modular architecture at reducing dimensionality, the minimum number of neural outputs that need 

to be controlled during locomotion. 

 

 
Figure 1. Experimental design. We sought to determine the degree to which various modular 

control architectures could reduce the dimensionality of motor control when applied to 

multidirectional locomotion: walking forward (FW), backward (BW), sideways to the left (LS) and 

to the right (RS) and stepping in place (SIP). (A) Dimensionality of modular control was evaluated 

by computing the modular control ratio (MCR), the ratio of control modules (patterns or synergies) 

to the number of muscles commanded (black circles) during a task. The example shown here of 3 

modules controlling 10 muscles yields an MCR = 0.3, in other words a 70% reduction in 

dimensionality of neural patterns compared to controlling each muscle individually. For clarity, the 

central nervous system is depicted here by an image of the brain, although the modules themselves 

may exist at either the spinal or supraspinal level, and may receive input from both feed-forward 

and feedback pathways. (B) One control possibility is to use a shared (task-independent) library of 

fixed patterns or synergies (designated M) as the basic building blocks to command muscle 

activations. Each task would then be performed by using a subset of this library. (C) An alternative 

strategy is to use specific (task-dependent) libraries to control individual modes of locomotion. 

Methods 
We recorded muscle activation patterns from five different locomotor tasks in order to explore 

modularity as a way to reduce the dimensionality of neural control. We extracted fixed modules 

(synergies and patterns) from unilateral electromyography (EMG) recordings using standard non-

negative matrix factorization (NNMF) methods, first assuming task-specific libraries of modules, 

and next assuming a single, shared library. For each control architecture we then computed the 

minimum number of modules needed to reconstruct the recorded EMGs. The number of modules 
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was then compared with the number of muscles activated during each task in order to investigate 

the degree to which specific modular strategies could reduce the dimensionality of control, 

compared to controlling each muscle independently. 

 

Experimental Protocol 
We recorded surface EMG and foot motion for 8 participants (4 males, 4 females, 25.6 ± 2.6, years 

old, 1.78 ± 0.11 m, 76 ± 16 kg) during 5 locomotor tasks. In the main experiment (performed by all 

8 participants), these tasks were walking forward (4 km/hr), walking backward (3.5 ± 0.5 km/hr), 

walking sideways to the left and to the right (3 km/hr) and stepping in place. Sideways walking was 

performed in a shuffle-like manner such that the trailing limb never crossed ahead of the leading 

limb. Some participants were unable to walk at the desired backward speed of 4 km/hr and therefore 

were tested at 3 km/hr. These tasks were chosen to represent biomechanically distinct movements 

that might share common neural control pathways (Lamb and Yang, 2000) and that could be 

performed at steady-state with sufficiently low intensity not to dislodge surface electrodes. In 

addition, a subset of subjects (N = 4) performed another experiment involving 5 variations of 

forward walking at 4 km/hr: self-selected cadence, fast step cadence (as enforced by a metronome), 

slow step cadence, tiptoe and incline (20% grade). 

Prior to data collection the subjects were trained on each task, allowing them time to acclimate to 

the various walking directions on the treadmill. All tasks were performed barefoot on a standard 

treadmill for 40 seconds, from which we analyzed the middle 30 seconds. The protocol was 

approved by the Ethics Committee of the Santa Lucia Institute and all subjects gave informed 

consent prior to participation. 

 

EMG Recordings 
Twenty five muscles were recorded from the right side of each subject. These included 3 from the 

lower back and buttocks (erector spinae at L2 level, gluteus maximus, gluteus medius), 11 from the 

thigh (vastusmedialis, vastuslateralis, rectus femoris, biceps femoris long-head and short-head, 

semitendinosus, sartorius, iliopsoas, adductor longus, adductor magnus, tensor fasciae latae), 6 from 

the shank (medial and lateral gastrocnemius, soleus, tibialis anterior, peroneus longus and brevis) 

and 5 from the foot (extensor hallucisbrevis, extensor digitorumbrevis, flexor digitorumbrevis, 

extensor hallucislongus, flexor hallucislongus). Electrodes were placed based on recommendations 

from SENIAM (seniam.org), the European project on surface EMG. For muscles not included in 

SENIAM, the electrodes were placed by palpating muscles to locate the muscle belly and orienting 

the electrodes along the main direction of the fibers (Kendall, 2005). The muscles recorded were 

limited to those that could be reliably located by palpation and superficial enough to be monitored 

with surface EMG. All EMGs were recorded at 4000 Hz using the DelsysTrigno Wireless System 

(Boston, MA), except the flexor digitorumbrevis which was recorded at 1000 Hz using a 

synchronized DelsysBagnoli System. This was necessary because of the recording site of flexor 

digitorumbrevis (on the bottom of the foot), which required a lower-profile electrode (i.e., sensor 

thickness of 6 vs. 15 mm). Due to the large number of muscles recorded and the challenge of 

recording from various foot muscles, some electrodes became partially or fully detached during 

testing, leading to unusable EMG signals. These EMGs were removed from all tasks on a subject-

specific basis. On average we analyzed 23.6 ± 1.4 EMGs from each subject. 

 

Motion Capture 
Heel motion was tracked to identify gait cycles for each task.  The position of the right heel 

(calcaneus) was recorded at 100 Hz using a 9-camera Vicon-612 motion capture system (Vicon, 

Oxford, UK), which was synchronized with the EMG acquisition.  The motion of the heel was low 
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pass filtered at 12 Hz (zero-lag 3rd order Butterworth) and resampled at the EMG sampling 

frequency. For all walking tasks, the beginning of the gait cycle was defined as the maximum 

forward excursion of the right heel, where forward refers to the direction of the treadmill. This 

generally occurred slightly before foot-strike (typically <5% of gait cycle). While foot-strike is 

more commonly used in the literature to delineate the beginning of a gait cycle, we found forward 

excursion to be more robust across all the walking tasks. Ultimately, the event that signifies the start 

of the gait cycle is a subjective choice, the most important criterion being the repeatability that 

allows one to average across multiple strides. For stepping in place, we defined the start of the gait 

cycle as the time at which the vertical displacement of the right heel reached its minimum (an 

estimate of foot-strike). These differences in definition of the start of the gait cycle introduced 

minor time shifts between tasks. Since all muscle EMGs for a single task shift together in time this 

had no impact on extracting shared muscle synergies, which were assumed to be time-invariant. The 

differences were, however, considered when extracting shared patterns, as detailed in the section on 

Factorization below. 

 

EMG Processing 
EMG signals were processed using conventional filtering and rectifying methods. Flexor 

digitorumbrevis EMGs were resampled to match the other EMG signals. Then the mean signal was 

removed from all raw EMG. Next, filtering was performed: we applied a 30 Hz high-pass filter, 

followed by a 50 Hz notch filter (to remove 50-Hz power-line artifacts), then rectified the signal 

and finally applied a 10 Hz low-pass filter (all filters, zero-lag 3rd order Butterworth). A few 

subjects exhibited artifacts in the foot and peroneus muscles, generally linked to foot-strike and toe-

off events. In order to remove these artifacts, high-pass filtering of these muscles was performed 

using a 150 Hz cut-off frequency (rather than 30 Hz). Informal tests confirmed that this artifact-

removal filter had minimal effect on the shape of the muscle activation pattern. For all EMG 

envelopes, small negative values due to filtering overshoot were zeroed, a necessity for the 

subsequent NNMF analysis. We divided EMGs into gait cycles based on foot kinematics, then 

interpolated each stride to 1000 time points, and finally averaged across gait cycles (individually for 

each subject and task). This yielded an m x n EMG matrix for each task, where m equaled the 

number of muscles analyzed and n equaled 1000 time points. These processed and stride-averaged 

EMG envelopes (in µV) were then normalized and analyzed for each subject individually, as 

detailed below. 

 

EMG Normalization 
We normalized EMGs by the maximum contraction magnitude. Normalization was performed to 

account for the differences in µV magnitudes recorded between muscles. Each muscle EMG was 

normalized by its maximum contraction magnitude, which we defined as the muscle‘s maximum 

EMG signal from either dynamic or quasi-static trials, detailed below. Thus, all EMG are reported 

on a scale from 0 to 1, where 0 indicates that a muscle is inactive and 1 represents maximum muscle 

contraction. 

 

Additional quasi-static trials were performed to establish the maximum voluntary EMG magnitude 

for each muscle. Before the 5 experimental tasks, subjects performed a set of quasi-static maneuvers 

against manual resistance. These included: flexing/extending/abducting the toes, 

plantarflexing/dorsiflexing/inverting/everting the ankle, flexing/extending the knee, 

flexing/extending/abducting/adducting the hip and flexing the back. Each exercise was performed 

for  5 seconds, during which subjects were instructed to perform maximal contractions. The EMGs 

were filtered as described previously. Across all quasi-static trials, we looked at a sliding 1-second 

window and computed the average EMG during each. The highest average EMG found during any 
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1-second window was defined as the maximum quasi-static contraction magnitude. Similarly, 

maximum dynamic contraction magnitude was defined for each muscle as the peak stride-averaged 

EMG across all 5 experimental tasks. The normalization constant for each muscle was then defined 

as the larger of the quasi-static and dynamic contraction magnitudes. 

 

During analysis, we also tested other types of EMG normalization, such as using only maximum 

dynamic contraction magnitudes, or scaling normalized EMG by muscle physiological cross-

sectional area. In general, our findings appeared insensitive to the exact values used for 

normalization. 

 

Factorization 
We extracted fixed muscle synergies and patterns from the stride-averaged EMG signals using non-

negative matrix factorization (NNMF, Lee and Seung, 1999) similar to prior literature (Tresch et al., 

1999; Ivanenko et al., 2005). Briefly, this is a signal decomposition method that tries to best 

describe a matrix of muscle EMGs by a linear combination of muscle synergies (Wi) and temporal 

activation patterns (Ci). 

 

𝐸𝑀𝐺 =  𝐶𝑖𝑊𝑖
𝑘
𝑖 + 𝑒𝑟𝑟𝑜𝑟,     𝑘 ≤ 𝑚   [Eqn. 1] 

 

A muscle synergy represents a set of weightings for muscles that are activated together. 

Specifically, the time-invariant vector Wi indicates the proportional contribution of each individual 

muscle to the ith synergy. Thus, the muscle weightings in each synergy are assumed to scale 

together linearly. The activation pattern Ci is a time-varying signal representing the neural 

command that modulates the excitation of its associated synergy. When the number of synergies 

and patterns (k) is sufficient to reconstruct the EMGs, but still substantially smaller than the number 

of muscles commanded (m), then this modular decomposition reveals a potential strategy for 

reducing the dimensionality of neural control. We performed four variants of this general 

factorization method to study the different architectures: 

 

I. For task-dependent architectures (Fig. 1C) we extracted patterns and synergies from each task 

individually. The modules extracted from a task, which we call the task-dependent library, represent 

the minimum set of fixed modules that is needed to adequately reconstruct EMGs during that task. 

The criterion used to select the minimum number of modules is detailed in the next section below. 

 

II. For task-independent architectures (Fig. 1B) we extracted patterns and synergies from multiple 

tasks together. We performed this analysis in a cumulative fashion. First, EMG from forward 

walking was factorized alone. This was identical to the task-dependent factorization. Then forward 

and backward walking were factorized together. Then forward, backward and sideways walking (to 

the left) were factorized, and so forth until all 5 tasks were ultimately factorized together. We 

defined the task-independent library of fixed patterns and the task-independent library of fixed 

synergies as those extracted from all 5 tasks together. To extract the library of shared synergies, the 

EMGs for each task were concatenated along the time dimension of the matrix, yielding a matrix 

with (1000 x number of tasks) rows and (number of muscles) columns, where 1000 indicates the 

number of time points per gait cycle. To extract the library of shared temporal patterns we 

concatenated EMGs along the muscle dimension of the matrix, yielding a matrix with 1000 rows 

and (number of muscles x number of tasks) columns. NNMF was then performed on these 

combined EMG matrices. Next, we found the subset of modules in each shared library that was 

needed to reconstruct the EMGs for each task. For example, a shared library might have 10 

modules, but only 8 were needed to reconstruct forward walking EMGs. We calculated this 
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minimum set of task-independent modules using a greedy search algorithm. Put simply, we 

systematically eliminated each shared module, then recomputed the estimated EMGs until we 

identified the smallest subset of modules that could still satisfy the EMG reconstruction criterion.  

 

III. We also tested a special instance of the task-independent architecture. We sought to answer the 

question: can the fixed synergies or patterns extracted from forward walking be used to reconstruct 

EMGs from the other modes of locomotion?  If so, the modules contained in normal walking could 

be recombined to coordinate other locomotor tasks, an idea that has been suggested to simplify 

responses to perturbations during gait (Chvatal and Ting, 2012). We therefore extracted muscle 

synergies (WFW) and patterns (CFW) from forward walking EMGs. Then we found the non-

negative least-squares solutions that mapped WFW and CFW onto the EMG matrices from each 

other task. We also allowed the extracted temporal patterns to shift together up to ±10% of the 

stride to account for small differences in timing between tasks (Ivanenko et al., 2004), due to the 

definition of gait cycle initiation or differences in relative stance duration. Finally, EMG estimates 

were reconstructed assuming fixed WFW and then fixed CFW, and we computed their correlations 

with the experimental data. 

 

IV. Finally, we explored task-independent architectures during variations of forward walking to 

determine if modules might be shared amongst unidirectional locomotor tasks. A subset of 

participants (N = 4) performed 5 variations of forward walking at 4 km/hr: self-selected, fast step 

cadence (as enforced by a metronome), slow step cadence, tiptoe and incline (20% grade). EMG 

processing and factorization were performed in identical fashion to the prior analyses (see II above), 

and we computed the minimum number of shared modules needed to reconstruct the EMGs. 

 

Evaluation Criteria 
We established a criterion to determine the minimum number of modules needed for each 

architecture to adequately reconstruct EMGs. Modular architectures were assessed by correlating 

their reconstructed estimates of EMG with the processed experimental recordings. The coefficient 

of determination (R2) was computed as the square of the centered Pearson correlation coefficient. 

To quantify the minimum number of synergies or patterns needed to adequately reconstruct the 

EMG data, we established a Muscle-Level reconstruction criterion similar to the ―local‖ criterion 

used in prior literature (Chvatal and Ting, 2012; Roh et al., 2012). The reconstructed EMG vector 

for each individual muscle was correlated with the experimental EMG. The Muscle-Level criterion 

required that 90% of the Active muscle EMGs be reconstructed with R2 ≥ 0.8, where Active 

muscles were defined as those whose peak EMG during a task surpassed 0.2 (20% of the maximum 

contraction magnitude). This evaluation criterion was an attempt to ensure that most individual 

muscle reconstructions were reasonable reflections of the empirical EMG recordings, while 

considering the biological and experimental noise and variability. The Active muscle distinction 

accounts for the fact that such variability may obscure EMGs at low activation levels and that the 

NNMF analysis itself favors fitting larger magnitude signals in order to explain more overall 

variance. 

 

For comparison, we also included some results based on a Task-Level criterion, which has 

commonly been used in prior literature (Ivanenko et al., 2005; Ting and Macpherson, 2005; Clark et 

al., 2010; Frere and Hug, 2012). Task-level evaluation involves correlating the entire matrix of 

experimental EMGs with the entire matrix of reconstructed EMGs, as opposed to comparing muscle 

vectors individually. Task-Level or ―global‖ criteria generally require the R2 (centered Pearson 

correlation coefficient) or the variance accounted for (VAF, uncentered Pearson coefficient) of the 

overall EMG matrix reconstruction to be greater than some threshold (e.g., VAF ≥ 90%). Other 

variants of Task-Level criteria, such as adding modules until the increase in VAF is less than 3-5% 
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(Ivanenko et al., 2005; Clark et al., 2010), yield similar results. While such Task-Level criteria 

ensure that the muscles with the highest amplitude are reasonably reconstructed, we found that 

often many other muscle EMGs were poorly estimated. For instance, when using a Task-Level 

criterion to select the number of task-specific modules for forward walking we found that on 

average 40% of the EMGs were poorly reconstructed (R2<0.8). Therefore, we concluded that Task-

Level criteria tend to underestimate the number of modules needed to reconstruct muscle activity 

during locomotion. Furthermore, we recognized that even Muscle-Level evaluations could 

underestimate the number of modules if the ―good enough‖ threshold were too low to ensure that 

individual EMGs were reasonably reconstructed, an issue discussed in the Assumptions and 

Limitations section below. 

 

Modular Control Ratio 
For each task we defined the modular control ratio (MCR) as the minimum number of neural 

control modules divided by the number of muscles being controlled (Fig. 1A). During performance 

of a task there is a one-to-one correspondence between patterns and synergies. Thus, MCR can also 

be thought of as the minimum number of patterns or synergies divided by the number of muscles 

being controlled. In short, the lower is the ratio, the greater the reduction in dimensionality of 

control achieved by a modular architecture. An MCR equal to one corresponds to the independent 

control of every muscle (i.e., no simplification of control). Although we cannot directly measure the 

numerator or denominator of this ratio, we can estimate both. We estimated the numerator as the 

minimum number of modules needed to reconstruct task-specific EMGs. We estimated the 

denominator, the number of muscles being controlled, as the number of Active muscles per task, 

again defined as those muscles with peak EMG activation above 20% of maximum. 

 

𝑀𝐶𝑅 =
# 𝑚𝑜𝑑𝑢𝑙𝑒𝑠

# 𝑚𝑢𝑠𝑐𝑙𝑒𝑠  𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑑
≈

# 𝑚𝑜𝑑𝑢𝑙𝑒𝑠  𝑛𝑒𝑒𝑑𝑒𝑑  𝑡𝑜  𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡  𝐴𝑐𝑡𝑖𝑣𝑒  𝑚𝑢𝑠𝑐𝑙𝑒𝑠

# 𝐴𝑐𝑡𝑖𝑣𝑒  𝑚𝑢𝑠𝑐𝑙𝑒𝑠
 [Eqn. 2] 

 

We also computed this modular control ratio using an alternate estimation that does not require a 

distinction between Active and Inactive muscles. This alternate estimate inverts the approach used 

to identify modules. Rather than asking how many modules are needed to reconstruct the measured 

EMG signals, we formulate the question: given N number of modules, how many muscle EMGs 

can be reconstructed. We refer to this alternate definition as MCRA. For a task-dependent 

architecture, factorization was performed on each task using N modules, where N was varied from 3 

to 9. Then the MCRA was computed for each value over this range. In this case, the number of 

modules was assumed to be N, and then the number of muscles commanded was estimated as the 

number of EMGs that were adequately reconstructed (R2≥0.8) by those N modules. Similarly, for 

task-independent architectures, factorization of the combined set of EMGs from all tasks was 

performed with 3≤N≤19 factors, and MCRA‘s were computed. Here N indicates the total size of the 

shared library (i.e., the number of modules needed to reconstruct all tasks). Therefore, the minimum 

number of control modules needed for each individual task was less than or equal to N. This 

number of modules per task was computed using a greedy search algorithm, similar to the one 

described previously. We systematically removed shared modules that did not increase the number 

of well-reconstructed EMGs, yielding the minimum subset necessary for a given task. The number 

of muscles commanded by the task-independent architecture was then estimated as the number of 

EMGs that were adequately reconstructed (R2≥0.8).  

 

𝑀𝐶𝑅𝐴 =
# 𝑚𝑜𝑑𝑢𝑙𝑒𝑠  (𝑎𝑠𝑠𝑢𝑚𝑒𝑑 )

# 𝑚𝑢𝑠𝑐𝑙𝑒𝑠  𝑤𝑒𝑙𝑙  𝑟𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑒𝑑
   [Eqn 3.] 
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To supplement the interpretation of MCRA, which is defined for all values of N, we also computed 

the percentage of muscle EMGs that were well reconstructed. Therefore, if MCRA was low for a 

given N, but only a small fraction of the EMGs could be reconstructed, then this would be clearly 

evident. In order to assess the sensitivity of this measure to the subset of muscles analyzed we also 

performed these computations on: (1) the 20 non-foot muscles, and (2) a set of 12 muscles 

commonly recorded in the literature on muscle synergies (gluteus maximus and medius, tensor 

fasciae latae, vastusmedialis and lateralis, rectus femoris, biceps femoris, semitendinosus, tibialis 

anterior, medial and lateral gastrocnemius, and soleus). 

 

Statistics 
Statistical comparisons between the fixed synergies and fixed patterns were made using paired t-

tests (P < 0.05). All EMG processing and factorizations were performed on a subject-by-subject 

basis. Summary measures in the figures were reported as inter-subject means and standard 

deviations. Statistics were then computed on these summary measures. 

 

Assumptions & Limitations 
There are limitations to inferring neural control strategies from EMG signals. While similar 

factorization methods have been used in the majority of studies on modular control (e.g., Ivanenko 

et al., 2004; d‘ Avella and Bizzi, 2005; Ting and Macpherson, 2005; Chvatal and Ting, 2012; 

Overduin et al., 2012), these still provide an indirect indication of neural activity, which are 

sensitive to many physiological and non-physiological factors (Farina et al., 2004). A key 

assumption of this methodology is that neural modularity can be inferred from the factorized, 

statistical description of the common features of muscle activations, irrespective of their source. 

Prior studies that have found low dimensional representations of EMG datasets (e.g., Ivanenko et 

al., 2004; Ting and Macpherson, 2005) suggest this assumption may be reasonable. Nonetheless, 

factorization analysis is neither able to dissociate feed-forward from feedback contributions to 

EMGs, nor does it presuppose functional significance to the modules extracted. Ultimately, more 

direct measures of neural activation are needed to reinforce interpretation of results from these 

EMG-based analyses. 

 

We also recognize the difficult and subjective nature of assessing ―good enough‖ EMG 

reconstructions. Whenever the number of modules (k) is less than the number of muscle EMGs (m) 

there will always be a residual error associated with the EMG estimates (Eqn. 1). Clearly there is a 

trade-off between the reduction in dimensionality (k/m) and the ability to account for the data (R2, 

VAF). Therefore, it is not surprising that more stringent evaluation criteria necessitate more 

modules to reconstruct the EMGs. Likewise, it is not surprising that a lower number of modules can 

be said to account for muscle EMGs if the evaluation criterion is more lenient. This reflects the 

classic trade-off between type I and type II errors when setting a threshold. Thus, evaluation criteria 

must be carefully selected and itself assessed to avoid experimenter bias and results that are 

inextricably linked to specific methodological choices. To address these limitations, we checked the 

sensitivity of our methods by varying our Muscle-Level reconstruction criterion from R2 ≥ 0.8 to 

R2 ≥ 0.7, and the Active muscle threshold from 20% to 10%. We confirmed that within a 

reasonable range these parameters had little effect on our qualitative findings.  

 

Another limitation is that we only studied dimensionality, one aspect of control. Other 

considerations, such as how a control architecture affects learning (Jacobs and Jordan, 1993; 

Mussa-Ivaldi, 1999), may provide additional constraints on what types of control architectures are 

feasible or useful. We specifically define dimensionality in terms of control outputs during 

performance of a motor task, but the total size of modular libraries may be another pertinent aspect 
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to control, reflecting the overall parsimony of a strategy. In addition, we define low dimensionality 

as beneficial; however, there may also be drawbacks to such architectures. For instance, the 

interdependence of muscles in a synergy could actually complicate the performance of certain tasks 

or learning novel, unusual tasks, and perhaps even result in certain combinations of muscle 

activations being impossible (McKay and Ting, 2008; Tresch and Jarc, 2009). 

 

A final limitation is that we were unable to differentiate between task-dependent synergy and task-

dependent pattern architectures. Mathematically, these were identical solutions, though they may 

reflect modularity at different layers of the neural circuitry. Furthermore, because EMGs are the 

confluence of feed-forward and feedback pathways, there could be an alternative interpretation of 

these libraries. The task-dependent modules might also represent shared neural drives that are 

adapted by task-specific sensory feedback. Regardless of the precise interpretation, task-dependent 

architectures provide a useful way to experimentally test the best-case limit of modularity for 

reducing dimensionality. Ultimately, neurophysiological studies may provide further insight into 

whether specific types of modularity are consistent with neural structure. 

 

Results 

EMG 
EMGs were comparable to prior literature. Average EMG envelopes (Fig. 2) appeared qualitatively 

similar to published recordings of forward walking (Winter and Yack, 1987; Ivanenko et al., 2004), 

backward walking (Ivanenko et al., 2008; Cappellini et al., 2010) and stepping in place (Grasso et 

al., 2004). We are unaware of published EMGs for sideways walking. Although limited literature 

exists on foot muscle activations during locomotion, our results appear consistent with the sparse 

published data. For example, activation of the flexor hallucislongus muscle was consistent with 

intramuscular recordings made by Gray and Basmajian (1968) during walking. 

 

The foot EMGs revealed a new progression of muscle activations during walking. The activations 

of the plantarflexors (e.g., soleus, gastrocnemius) during push-off in late stance and of the 

dorsiflexors (e.g., tibialis anterior) during swing phase are well documented. Foot muscle EMGs, 

however suggest two additional bursts of activation in between (Fig. 2). The toe flexors (flexor 

hallucislongus and digitorumbrevis) were found to activate late in stance after the ankle 

plantarflexors. This was followed by contractions of the toe extensors (extensor hallucislongus and 

extensor digitorumbrevis) just after toe-off, but before the ankle dorsiflexors. 
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Figure 2. Task-specific EMG. Average EMG for the right leg is depicted for each task along with 

standard deviation across subjects (N=8). EMG is plotted across a gait cycle from 0 to 100%, with 

zero corresponding roughly to footstrike (see Methods for details). EMG is plotted in normalized 

units as a fraction of maximum contraction magnitude. Average stance and swing durations were 

similar between tasks (58-62%) and are shown for reference. 
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Task-Dependent Architectures 
Task-dependent patterns and synergies were qualitatively similar to those in prior literature. 

However, because of the Muscle-Level criterion used in this analysis the number of modules 

extracted tended to be slightly higher than typically reported in literature (e.g., approx. 6 vs. 4-5 in 

forward walking, Ivanenko et al., 2004). Also, we did not compute average patterns or synergies 

across subjects, which has often been done in prior studies and has a smoothing effect on the 

results. Nevertheless, many of the characteristic patterns were still evident in our subjects. For 

example, forward walking results from the representative subject in Fig. 3A show patterns 

immediately before and after heel-strike (patterns 1 and 6), as well as the 3 characteristic patterns 

(2, 3 and 5) from mid-stance to mid-swing, similar to previous studies (Cappellini et al., 2006; 

Ivanenko et al., 2006). An additional pattern (4) reflects the activation of foot muscles that have not 

traditionally been recorded. 
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Figure 3. Task-dependent patterns and synergies. (A) Temporal patterns and the corresponding (B) 

muscle synergies are shown for a representative subject for each task, based on a Muscle-Level 

criterion. For visualization purposes each pattern and synergy is normalized to unity. Average 

stance and swing durations are depicted for reference. In (A), five of the six forward walking 

patterns were in strong agreement with patterns from prior literature (light gray dotted line, 

Ivanenko et al., 2006). The remaining pattern (#4) reflects activation of foot muscles, which were 

not recorded in previous studies. 



87 

 

 

A task-dependent architecture was found to reduce control dimensionality by roughly 65% 

compared to controlling each muscle individually. A relatively low number of task-dependent 

modules were sufficient to reconstruct EMGs for each task. On average 5.8 ± 0.7 modules (Fig. 4A) 

reconstructed greater than 90% of the Active muscles (15.4 ± 2.8) for each task, yielding an MCR = 

0.38. The alternate estimate, MCRA, yielded a similar value of about 0.35 (Fig. 5). This was largely 

independent of the number of modules extracted, although roughly 7 modules were needed in order 

to reconstruct 90% of all muscles recorded (21.3 ± 1.3). Regardless of the precise number of 

modules per task, the total number of modules across all libraries scaled roughly linearly with the 

number of tasks. On average, 28.9 ± 3.4 modules were found across the 5 task-dependent libraries. 

These qualitative trends were found even when using the conventional Task-Level criterion to 

select the number of modules (Figs. 4B). However, as discussed in Methods, this Task-Level 

criterion seems to result in poor reconstruction of many individual EMG signals, likely 

underestimating the number of modules required.  

 

 
Figure 4. Number of task-dependent patterns and synergies. (A) The results here show the 

minimum number of patterns and thus the same minimum number of synergies needed to 

reconstruct EMG for each task individually, using a Muscle-Level criterion. (B) For reference, we 

also show results obtained using a Task-Level criterion to extract patterns and synergies and assess 

EMG reconstructions (see Methods). The number of patterns and synergies is lower here since this 

is a less stringent assessment criteria. Irrespective of evaluation criteria, EMG from each task could 

be reconstructed with a relatively small number of patterns and synergies, on average less than 7, 

suggesting relatively low dimensionality of neural output. Depicted are mean and standard 

deviation across subjects (N=8). 
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Figure 5. Alternate modular control ratio for task-dependent architecture. The alternate modular 

control ratio (MCRA, blue line, dark shading) and the percentage of EMG signals that are well 

reconstructed (green line, light shading) are plotted as a function of the number of neural patterns 

for each task. MCRA is defined as the number of modules per task divided by the number of 

muscles being controlled, which here we approximated as the number of muscles whose EMGs 

were well-reconstructed (R2≥0.8). When using a task-dependent set of synergies and patterns the 

MCRA was found to be around 0.3-0.4, even when reconstructing over 90% of the muscles. This 

indicates that with a task-dependent architecture, on average, 3-4 modules would be needed to 

control every 10 muscles. Depicted here are mean and standard deviation across subjects (N=8). 

 

Task-Independent Architectures 
More shared synergies were required than shared patterns to reconstruct EMGs from all 5 tasks. The 

number of modules in each task-independent library increased with the number of tasks analyzed 

(Fig. 6A). The size of the shared synergy library increased from 5.8 ± 1.0, when only extracted from 

forward walking, to 14.5 ± 1.9, when extracted from all tasks.  Thus, the size of the shared synergy 

library was roughly equivalent to the number of Active muscles per task (15.4). The size of the 

shared pattern library also increased with tasks, but leveled off at 9.9 ± 1.1 patterns. When modules 

were extracted from 3 or more tasks the number of shared synergies needed was significantly higher 

than the number of shared patterns (P < 0.012). 
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Figure 6. Number of task-independent patterns and synergies. (A) The number of patterns and 

synergies (i.e., library size) needed to reconstruct EMGs increased with the number of conditions 

from which they were extracted (using a Muscle-Level criterion). Results are plotted in cumulative 

fashion, showing the number of modules needed to reconstruct forward walking only (FW), then 

forward and backward walking (BW), etc. The minimum number of synergies needed for all five 

tasks was approximately 15, similar to the average number of Active muscles per task (designated 

by the dashed line). The minimum number of patterns needed was significantly less, leveling off 

around 10. EMG for each task was then reconstructed using the modules extracted from all 5 tasks. 

(B) The results here show the minimum number of these shared patterns or synergies needed to 

reconstruct 90% of the Active EMGs for each task. With fewer patterns or synergies it is not 

possible to reconstruct EMG activity from all modes of locomotion. For example, (C) using patterns 

and synergies extracted from forward walking alone is insufficient to reconstruct EMG for the other 

tasks, even when allowing the temporal patterns to shift ±10% of the gait cycle (light blue bars) to 

account for small differences in footstrike timing between tasks. As a quick summary measure the 

overall Task-Level variability explained is shown in terms of R2. On average, the R2 was higher for 

shared patterns than for shared synergies. Depicted here are mean and standard deviation across 

subjects (N=8). For clarity, standard deviations are not shown for patterns with time shift allowed. 

Astericks (*) indicate statistical significance (P < 0.05) between the number of fixed synergies vs. 

patterns needed (without time shift allowed), and the pound sign() between the number of 

synergies vs. patterns with time shift. 
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Figure 7. Alternate modular control ratio for task-independent architectures. Alternate modular 

control ratio (MCRA, blue line, dark shading) and the percentage of EMG signals that are well 

reconstructed (green line, light shading) are plotted as a function of the number of modules. MCRA 

is defined as the number of modules (patterns or synergies) divided by the number of muscles being 

controlled, which here we approximated as the number of muscles whose EMGs were well-

reconstructed (R2≥0.8). The left column shows results for a control strategy that uses a shared 

library of fixed neural patterns as its building blocks, and the right column for a strategy that uses a 

shared library of fixed muscle synergies. Results were computed using (A) all 25 of the EMGs 

recorded, (B) all 20 of the non-foot muscle EMGs, and (C) EMGs from 12 commonly recorded leg 

muscles (see Methods for complete details). Of primary interest is how low the MCRA can be when 

a substantial percentage of the EMGs are reconstructed (i.e., when the majority of muscles are being 

controlled by the modular strategy). In (A), the fixed-patterns strategy was found to have an MCRA 

of about 0.4 when 90% of the EMGs had been reconstructed. However, as the number of muscles 

used in the analysis was reduced the MCRAincreased to about 0.7. The shared synergies strategy 

was found to have an MCRA of about 0.65 when 80% of the EMGs had been reconstructed. This 

was a consistent finding regardless of the number of EMGs analyzed. Depicted here are mean and 

standard deviation across subjects (N=8). 
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An architecture using task-independent synergies was found to reduce dimensionality by about 

35%. On average, 9.7 ± 1.1 shared synergies (Fig. 6B) were needed to control about 15 Active 

muscles during locomotion, yielding an MCR = 0.63. This was in agreement with the alternate 

estimate MCRA = 0.65 when 80% of all muscles were well-reconstructed (Fig. 7A). This 80% 

threshold was selected here because, on average, even a library of 19 shared synergies was unable 

to reconstruct 90% of muscle EMGs. When computed from the 20 non-foot muscles and 12 

commonly recorded muscles, MCRA was found to be similar, 0.64 and 0.71, respectively (Fig. 7B, 

C). Because the number of synergies in the shared library was still increasing with added tasks (Fig. 

6A) and a large subset of these were needed for each task, it is likely that the MCR estimates 

presented here are underestimates. Nevertheless, some of the shared synergies did suggest 

functional significance of modules, in other words, the grouping of muscles that perform similar 

biomechanical function (e.g., adductor magnus and longus; soleus and peroneus muscles; Fig. 8B). 

However, many ―single-muscle‖ synergies were also found within the task-independent library 

(Fig. 8B). Typically more than one-third of the extracted synergies were dominated by a single 

weighting, suggesting individual control of that muscle.  

 

An architecture using task-independent patterns was found to reduce dimensionality by 45%. On 

average, 8.3 ± 0.2 patterns were needed to control about 15 Active muscles per task (Fig. 6B). This 

MCR of 0.54 was slightly higher than the MCRA estimate of 0.41, given reconstruction of 90% of 

all EMGs (Fig. 7A). MCRA was found to decrease when more muscles were analyzed (Fig. 7), for 

instance from 0.68 to 0.41 when computed from 12 vs. 25 muscles. This suggests that shared 

patterns might reduce dimensionality further if additional muscles were recorded. The library of 

shared patterns, itself, appeared to be a sequence of roughly equidistant impulses (Fig. 8A). 
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Figure 8. Task-independent patterns and synergies. (A) Fixed temporal patterns and (B) fixed 

synergies are shown for a representative subject. These depict the minimum set of shared patterns 

(10) and the minimum set of shared synergies (17) needed to reconstruct 24 EMGs for all five tasks 

performed by this subject, based on a Muscle-Level evaluation criterion. For visualization purposes 

each pattern and synergy is normalized to unity. In (B), over one third of the syngergies exhibited a 

dominant ‖single-muscle‖ weighting (shown as a darkened bar), suggesting independent control of 

that muscle. 

 

Neither patterns nor synergies extracted from forward walking were sufficient to reconstruct EMGs 

during other modes of locomotion satisfactorily (Fig. 6C). When applied to the other 4 tasks, the 

forward walking patterns yielded an overall (Task-Level) R2 of 0.75 ± 0.05. On average, only 28 ± 

12% of the individual EMGs were well reconstructed (R2 ≥ 0.8). Allowing patterns to shift together 

by up to 10% of the gait cycle improved reconstructions slightly, increasing R2 by about 0.04 to 

0.79 ± 0.05. Forward walking synergies performed worse, with an R2 of 0.61 ± 0.12, and only 22 ± 

9% of the individual EMGs well reconstructed. 
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Extracting task-independent modules from unidirectional locomotion yielded results similar to those 

found during multidirectional locomotion (Fig. 9). For example, we found that 9.3 ± 0.9 shared 

synergies and 8.4 ± 0.7 shared patterns were needed to reconstruct EMG for each variation of 

forward walking (compared to 9.7 synergies and 8.3 patterns for multidirectional locomotion). 

Again, we found that roughly one-third of the shared synergies appeared to be ―single-muscle‖ 

synergies (i.e., suggesting independently controlled muscles). The average MCR of 0.53 for shared 

synergies and 0.48 for shared patterns were slightly lower than the 0.63 and 0.54 estimates from 

multidirectional locomotion. No statistical analysis was performed due to the small sample size 

studied during unidirectional locomotion (N = 4). 

 

 
Figure 9. Number of task-independent patterns and synergies for unidirectional locomotion. In (A) 

the size of each shared library is shown. Similar to multidirectional locomotion, the number of 

patterns and synergies (i.e., library size) increased with the number of conditions from which they 

were extracted (based on a Muscle-Level criterion). Results are again plotted in cumulative fashion, 

showing first the number of modules needed to reconstruct self-selected forward walking only 

(FW), then progressing incrementally to include each of the other tasks: fast step frequency walking 

(Fast Freq), slow step frequency walking (Slow Freq), tiptoe walking (Tiptoe) and walking up an 

incline (Incline). In (B) the results show the minimum number of modules needed to reconstruct 

90% of the Active EMGs for each task. The MCR for shared patterns and synergies during 

unidirectional locomotion were found to be 0.48 and 0.53, respectively. These were similar to, but 

slightly lower than MCR estimates during multidirectional loomotion (0.54 and 0.63). This 

difference may reflect anatomical synergies, such as the plantarflexors, which tend to activate 

together during forward locomotion, but are known to dissociate during other behaviors such as 

curvilinear walking (Courtine et al., 2006). Depicted here are the mean and standard deviation 

across the subset of subjects (N = 4) who performed unidirectional locomotor tasks. Astericks (*) 

indicate statistical significance (P < 0.05) between the number of shared synergies vs. patterns 

Discussion 
Intermuscular coordination is a challenge, in part because of the vast number of muscles that must 

be simultaneously controlled during locomotion. Modularity offers a potential solution. We used 

factorization methods to investigate how simple neural architectures might generate empirical 

muscle activations during multidirectional locomotion. We evaluated the ability of these modular 

control architectures to reduce dimensionality and found trade-offs for each approach. 
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A task-dependent architecture demonstrated the potential to substantially reduce neural control 

dimensionality, by roughly two-thirds. In this architecture, task-specific libraries could perhaps be 

organized like books on a shelf. However, the large number of modules shared across all libraries 

would be a potential drawback. This limitation might be addressed by an alternate interpretation of 

the results. Task-dependent modules could represent neural primitives that are adapted by task-

specific sensory feedback (Lacquaniti et al., 2012). Thus, shared modules may indeed underlie 

control, but may be difficult to extract through conventional EMG factorization analyses that 

attempt to describe commonalities in muscle activity due to combined feed-forward and feedback 

contributions. Further study is required to distinguish these various interpretations, and to decode 

the contributions of task-specific sensory feedback. 

 

A modular architecture using shared patterns could reduce dimensionality by 45% or more, but may 

have practical limitations. The shared library was relatively small (approximately 10 modules), 

suggesting a parsimonious solution to motor control that could scale to other muscles and tasks. The 

fixed pattern library itself appeared to be a sequence of time-shifted impulses (Fig. 3A), perhaps 

reflecting underlying rhythmic generators in the nervous system (Patla et al., 1985; Ivanenko et al., 

2004; Zehr, 2005; Giszter et al., 2007; McCrea and Rybak, 2008). Alternatively, this solution may 

simply reflect mathematical convergence of the pattern library towards a set of uniformly 

distributed impulses. Prior studies that have suggested temporal patterns as potential building 

blocks have typically found a smaller set, around 5 per task (e.g., Ivanenko et al., 2004, 2006). We 

found a similar number of patterns when a conventional Task-Level criterion was used to extract 

modules, but the Muscle-Level criterion required additional patterns to explain muscle activity (Fig. 

4). A potential drawback is that this strategy may require substantially more patterns for tasks with 

higher frequency muscle contractions or with cycle durations longer than those tested 

(approximately 0.9-1.2 seconds). Another practical drawback would be the lack of continuity for 

controlling a single muscle. Control of a sustained muscle contraction would be disjointed, 

composed of a train of sequential control impulses (e.g., vastus muscles during backward walking, 

Fig. 2).  

 

Shared synergies were not found to greatly simplify locomotor control. This strategy required a 

library of shared synergies roughly as large as the number of muscles it sought to control (Fig. 6A). 

The modest 35% reduction in dimensionality was likely an overestimate of the benefit, as it was 

only applicable to a subset of the 25 muscles recorded (roughly 15-19 based on estimates of MCR). 

EMGs that could not be reconstructed would, therefore, need to be controlled directly or by another, 

presently unknown, mechanism. Moreover, many of the shared synergies only contained a single 

dominant muscle weighting (Fig. 8B), suggesting individual muscle control. Our findings are 

consistent with some previous studies that questioned the compatibility of fixed synergies with 

empirical data (e.g., Soechting and Lacquaniti, 1989; Macpherson, 1991; Kutch et al., 2008; 

Wakeling and Horn, 2009), but are in contrast to others that have interpreted shared synergies as the 

fundamental building blocks of movement (e.g., Tresch et al., 1999; Torres-Oviedo and Ting, 2010; 

Chvatal and Ting, 2012). It is conceivable that synergies are shared amongst a reduced subset of 

behaviors. However, our investigation of unidirectional locomotion still found a relatively high 

number of synergies were needed (Fig. 9). The mild improvement in MCR (0.53 unidirectional vs. 

0.63 multidirectional) may be due to more anatomical synergies (e.g., plantarflexors) extracted 

during forward-direction tasks. However, these are known to break down during other tasks such as 

curvilinear walking (Courtine et al., 2006) and cycling (Wakeling and Horn, 2009). We conclude 

that, in their simplest form, shared muscle synergies are not compatible with simplifying neural 

control during locomotion. 

 

Previous findings in support of shared, fixed synergies may be linked to specific methodological 

choices. Here we speculate as to why some prior studies that used similar factorization methods 
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have been interpreted in support of shared synergies. First, we used a more stringent EMG 

reconstruction criterion to identify the minimum number of control modules. This is because we 

discovered that conventional Task-Level criterion fail to reconstruct many of the individual EMG 

signals (e.g., 40% of the EMGs recorded during forward walking). Thus, for example, if 5 synergies 

were thought to reconstruct 12 EMGs, they may only reproduce about 7 of them well. Therefore, 

we introduced the MCR, the ratio of neural control modules to muscles, to help discern practical 

implications of dimensionality. We also found that similar issues exist if the Muscle-Level criterion 

is too lenient, in which case critical features of EMG may be poorly reconstructed or completely 

missing (Fig. 10). The use of less stringent Muscle-Level criteria (e.g., R2 ≥ 0.6 or VAF ≥ 75%) 

may underlie the lower dimensionality estimated in some prior studies (e.g., Torres-Oviedo et al., 

2006; Chvatal and Ting, 2012). Choosing a ―good enough‖ threshold for EMG reconstructions is 

admittedly a difficult and subjective decision (as detailed in Methods). Thus, Fig. 10 is principally 

presented to facilitate the reader in forming his/her own opinion as to what constitutes ―good 

enough,‖ and to make transparent the challenge of selecting an evaluation criterion to ensure that 

the major features of EMG are reconstructed.  

 

 
Figure 10. EMG reconstruction.  Reconstruction estimates (red dashed) of varying quality 

(0.6≤R2≤0.9 and 74%≤VAF≤93%) are shown for a representative EMG envelope (dark blue). R2 

and variability accounted for (VAF) were computed via centered and uncentered Pearson 

correlation, respectively. Each column, from right-to-left, corresponds to decreasing quality of 

EMG reconstructions. The top row roughly corresponds to degrading the fit of the first EMG 

activation peak, and the bottom row to degrading the second peak. We selected a Muscle-Level 

evaluation criterion (R2≥0.8) to subjetively identify individual EMGs that were adequately 

reconstructed, taking into consideration the noise and variability inherent in surface EMG 

measurements. EMG estimates with correlations below this criterion tend to be missing important 

features of the muscle activity (e.g., the absense of the first EMG peak in top row when R2<0.8) or 

tend to exhibit additional features (not shown) that were inconcistent with empirical recordings. If 

evaluation criteria is too stringent then experimental EMGs will be nearly impossible to adequately 

reconstruct. But if criteria is too lenient then one may overestimate the ability of a modular 

controller to generate empirical EMG activity. 

 

The second reason our results may differ from some prior factorization studies is related to the 

conventional techniques used to identify shared modules. Typically, modules have been extracted 

from each task individually. Then post-hoc statistical techniques, such as using Monte Carlo 

simulation (D‘ Avella and Bizzi, 2005; Overduin et al., 2012) or using the critical values of Pearson 

correlation (Chvatal and Ting, 2012; Safavynia and Ting, 2012), have been employed to identify 

synergies from each task that appear similar. However, we found that these criteria can result in 

mildly to moderately correlated synergies being statistically-defined as identical. For instance, had 

we applied these conventional methods to our study, we would have concluded that a pair of 
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moderately correlated synergies (R2 = 0.27, Fig. 11) were the same and thus shared (based on 

critical values for Pearson correlation coefficient with significance level of 0.01). Subjectively, 

these synergies appear quite different (Fig. 11). Moreover, if we could resolve these differences and 

create a shared library of synergies it would no longer be able to reconstruct the empirical EMG 

data. In contrast, by extracting modules from combined sets of EMGs in this study we were able to 

more directly find and test their ability to reconstruct empirical data.  

 

 
Figure 11. Conventional methods for identifying shared synergies. Muscle weightings (1-24) are 

depicted for two example synergies:  Synergy 1 (dark blue) and Synergy 2 (light orange). Thus each 

pair of bars represents a weighting for the same muscle. According to conventional post-hoc 

statistical techniques these would be defined as the same, shared synergy, since they exhibit 

similarity above random chance (e.g., based on critical value of Pearson coefficient with 

significance level 0.01). While these synergies are moderately correlated with R2 = 0.27, they 

subjectively appear very different. Moreover, substituting one for the other no longer allows 

empirical EMG data to be reconstructed. Therefore, shared synergies computed in this manner tend 

to underestimate the number of synergies that are actually required to generate empirical muscle 

activations. 

 

Task-independent modular architectures could theoretically simplify locomotor control further, but 

would require more complex organizations or building blocks. Such architectures might use time-

varying synergies (D‘ Avella et al., 2003; d‘ Avella and Bizzi, 2005), multi-level hierarchical 

structures (Giszter et al., 2007; McCrea and Rybak, 2007, 2008; Tessitore et al., 2013) or sensory 

feedback modulation (Duysens et al., 1998, 2013; McCrea and Rybak, 2008). The scope of this 

study was limited to simple modular organizations. It is important to remember the underlying 

assumptions of the analyses performed here, as well as in the majority of published studies on 

modular control (e.g., Ivanenko et al., 2004; d‘ Avella and Bizzi, 2005; Ting and Macpherson, 

2005; Chvatal and Ting, 2012; Overduin et al., 2012). We assume that common statistical features 

of muscle activity reflect underlying modules of control (D‘ Avella et al., 2011; Chvatal and Ting, 

2012; Lacquaniti et al., 2012), which in turn reflect contributions from feed-forward and feedback 

pathways. For the task-independent modules we assumed that the common, shared features were 

extricable using factorization. However, if task-specific sensory feedback substantially affects 

muscles independently, this would limit the ability of conventional factorization methods to extract 

shared modular building blocks from the EMGs. More sophisticated methods or models may be 

needed to account for these confounds. 
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Conclusion 
We found trade-offs in the abilities of simple modular architectures to reduce control 

dimensionality during multidirectional locomotion. Task-independent synergies suggested 

functional significance of some modules, but provided little simplification of the control problem. 

Task-independent patterns were a parsimonious solution that reduced dimensionality more, but may 

nonetheless have pragmatic limits. Task-dependent architectures were most compatible with 

modularity as means to reduce the dimensionality of control during locomotion, but required a large 

total number of modules across tasks. It is plausible that a neural control strategy relying on fixed 

building blocks is too rigid to generate locomotor EMGs. Thus, this work casts serious doubts on 

over-simplistic formulations of the modular control theory. An alternative interpretation of the task-

dependent architecture suggests that shared modules, which are heavily adapted by task-specific 

feedback, may be required to effectively reduce control dimensionality during locomotion. 
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1.1.6 Decoupling of upper and lower limb pattern generators during 

human crawling at different arm:leg speed combinations
5
 

 

Abstract 
Here we used a crawling paradigm in healthy adults to examine inter-limb coupling patterns and to 

understand how central pattern generators (CPGs) for the upper and lower limbs are coordinated 

between each other. Ten participants performed hands-and-feet crawling on two separate treadmills, 

one for the upper limbs and another one for the lower limbs, the speed of each of them being 

changed independently. Two conditions with a large speed difference were also included in order to 

facilitate decoupling of the movements between the upper and lower limbs. A 1:1 frequency 

relationship was often maintained even when the treadmill speed was not matched between upper 

and lower limbs. This 1:1 relationship was achieved by decreasing stride time with increasing 

treadmill speed. However, relative stance and swing durations in the upper limbs were only affected 

by changes of the upper limb treadmill speed, suggesting that the upper limbs do not fully adapt to 

the motion of the lower limbs. With large differences in treadmill speed, decoupling between upper 

and lower limbs tended to occur when the upper limbs stepped at lower speeds than the lower limbs, 

but more rarely the other way around. These findings in man are in a sharp contrast with those in 

the cat, where forelimbs always follow the rhythm of the faster moving hindlimbs. The preference 

for the upper limb to decouple at lower speeds in humans may be due to weaker ascending 

propriospinal connections and/or a larger influence of cortical control on the upper limbs which 

allows for an overriding of spinal CPG control.  

  

Introduction 
The motion of upper and lower limbs during upright walking at natural speed tends to be tightly 

coupled in a one-to-one relationship, even though the arms are not essential to walking in humans 

(Donker et al., 2002; Dietz and Michel, 2009). The same seems to be true also for unperturbed 

hand-and-foot crawling in adults (Hildebrand 1967; Sparrow and Newell, 1994; Getchell et al., 

2001; Tan, 2010; Patrick et al., 2012). This coupling presumably reflects both biomechanical and 

neural linkage between cervical and lumbosacral central patterns generators (CPGs) that control the 

upper and lower limbs, respectively (Dietz, 2002; Ivanenko et al., 2005; Zehr et al., 2009). These 

CPGs have been documented more thoroughly in quadrupedal mammals (Orlovsky et al., 1999; 

Falgairolle et al., 2006).  

 

However, motion of the upper and lower limbs is not always coupled: for instance, violations are 

observed during human bipedal walking at low speeds (Webb et al., 1994). In addition, Wannier et 

al. (2001) observed that the frequency relationship between the upper and lower limbs was not 1:1 

during a swimming task in humans (though it was consistently an integer ratio). Akay et al. (2006) 

used an operational definition of decoupling of hindlimbs when their pace was slower than that of 

the forelimbs (and vice versa). This can be investigated for quadrupedal locomotion in paradigms in 

which the fore and hindlimbs walk on separate treadmills. In the cat, only the hindlimbs can be 

decoupled (according to the above definition), while the forelimbs always follow the rhythm of the 

faster moving hindlimbs (Akay et al., 2006). Human crawling shares a number of common features 
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with animal quadrupedal locomotion (de Sèze et al., 2006; Patrick et al., 2009; MacLellan et al., 

2011). However, it remains unclear whether or not the coupling mode between upper and lower 

limbs is similar to that of the mammals.  

 

We used the crawling paradigm in adult humans to: 1) determine how the central nervous system 

(CNS) maintains a 1:1 frequency relationship when treadmill speeds for the upper and lower limbs 

are manipulated independently, and 2) examine how the relationship between upper and lower 

limbs changes when the limbs no longer follow a 1:1 frequency ratio.  

 

Methods 
Ten healthy adults (3 females/ 7 males, age: 32 +/- 9.3 years, mass: 73.4 +/- 11.2 kg) participated in 

the study. The studies were in accordance with the Declaration of Helsinki and informed consent 

was obtained from all participants according to procedures approved by the Ethics Committee at the 

Santa Lucia Foundation.   

 

Participants performed hands-and-feet crawling on 2 separate treadmills such that the hands and 

feet moved on separate treadmills (Figure 1a). The experiment was seperated into 2 blocks. In the 

first block, upper and lower limb treadmill speeds were manipulated (1, 2 and 3 km/h each) 

resulting in 9 treadmill speed conditions which were presented randomly. In the second block of 

conditions, extreme treadmill differences were presented (upper limbs: 0.5 km/h, lower limbs 3 or 4 

km/h and vice versa) to encourage limb frequency relationships other than 1:1. In all speed 

conditions, participants crawled for a minimum of 15 strides following a short adaptation period. 

 

 

 
Fig. 1. Experimental setup (a) and footfall patterns (b) from a sample participant across speed 

(arm:leg) combinations (LH – Left Hand, LF – Left Foot, RH – Right Hand, RF – Right Foot). 

Only 1:1 frequency relationship cases are illustrated here.  
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Full body 3 dimensional kinematic data were collected with a 9 camera Vicon-612 system (Oxford, 

UK) sampled at 100 Hz. Reflective markers were placed on C7 and L2 as well as bilaterally on the 

shoulder, elbow, wrist, end of 3rd distal phalanx,  greater trochanter, lateral femoral condyle, lateral 

maleoleus, calcaneous, head of 5th metetarsal and end of 1st metetarsal. All kinematic data were 

filtered using a 2nd order dual-pass Butterworth filter with a low-pass cutoff frequency of 7 Hz. 

 

From the kinematic data, limb contacts and liftoffs were computed from the minimum velocity 

peaks from the wrist and end of 1st metetarsal for the upper and lower limbs respectively. From 

these values, stride times were calculated from the time between 2 contacts in each limb. 

Proportions of stance and swing were determined by dividing the respective time by the stride time. 

If participants displayed limb frequency relationships other than 1:1, they were removed from this 

part of the analysis. 

 

The frequency of limb motion was determined by applying a Fourier transform (Matlab function 

‗fft‘) to the anterior/posterior trajectories of the wrist and the end of 1st meta-tarsal (after 

subtraction of the position of the shoulder and greater trochanter to account for full body movement 

on the treadmill) for the upper and lower limbs respectively. The ratio between limb frequencies 

was determined by dividing the larger frequency by the lower one. 

 

Statistical analysis was performed using a upper limb (1, 2 and 3 km/h) by lower limb (1, 2 and 3 

km/h) treadmill speed two-way ANOVA for stride time, proportion of stance and proportion of 

swing, independently for the upper and lower limb movement.  

 

Results 
 

Tied Treadmill Speed Conditions 
When crawling on treadmills moving at the same speed, expected spatiotemporal patterns for the 

upper and lower limbs were found (Figure 2, dashed lines). For example, the stride time and the 

percentage duration of stance relative to the gait cycle decreased as treadmill speed increased. In 

addition, the excursion of the limbs remained relatively constant in each speed condition.     
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Fig. 2. Gait parameters when crawling was coupled with a 1:1 frequency between arm and leg 

motion (trials with differing ratios were discarded). Dashed lines represent tied treadmill speed 

conditions.  

 

Limbs Coupled in 1:1 Frequency Relationship –Treadmills Moving at Differing 
Speeds   
In general, participants were able to maintain a 1:1 frequency relationship between the upper and 

lower limbs. Figure 1b illustrates sample limb contact patterns from a representative participant 

over treadmill conditions ranging from 1 to 3 km/h. Upper and lower limb stride characteristics are 

illustrated in Figure 2 and the results are presented below.  

 

In the lower limbs, stride time decreased as upper and lower limb treadmill speeds increased, 

although this decrease was greater with changes in lower limb treadmill speed as shown by the 

interaction effect (F(4,78) = 11.88, p < 0.001). In the upper limbs, an interaction effect was not 

observed, but the main effects for upper (F(2,78) = 52.36, p < 0.001) and lower (F(2,78) = 6.76, p < 

0.002) limb treadmill speeds indicated that stride time decreased significantly in each of these 

conditions.   

 

The proportion of stance time in the lower limbs decreased as the speed of the upper (F(2,78) = 

21.05, p < 0.001) and lower (F(2,78) = 36.15, p < 0.001) limb treadmill speeds increased. However, 

only changes of upper limb treadmill speeds resulted in changes in upper limb stance proportion 

(F(2,78) = 37.39, p < 0.001).  

 

The excursions of the lower limbs increased with lower limb treadmill speeds (F(2,78) = 63.40, p < 

0.001) and decreased with greater upper limb treadmill speeds (F(2,78) = 47.85, p < 0.001). In 

contrast, the excursions of the lower limbs decreased with greater lower limb treadmill speeds 
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(F(2,78) = 6.19, p < 0.003) and increased with upper limb treadmill speeds (F(2,78) = 25.99, p < 

0.001).  

 

Limbs Decoupling from 1:1 Frequency Relationship 
During treadmill speed conditions in which there was a large difference between the upper and 

lower limbs (i.e., upper limbs at 0.5 km/h and lower limbs at 3 km/h or vice versa), the majority of 

participants tended to deviate from a 1:1 frequency relationship. Figure 3a shows footfall patterns in 

participants who displayed limb frequency relationships of the arms cycling 2 and 3 times for each 

leg cycle, as well as 2 leg cycles for each arm cycle. In the population of participants for the current 

study, the number of participants who displayed greater arm cycling was larger than that of 

participants who displayed greater leg cycling (Figure 3b). 

 

 
Fig. 3. Representative footfall patterns from sample participants (a) and proportions of decoupling 

seen in the participant group (b) when 1:1 frequency relationship was no longer maintained. The 

numbers in the parentheses in panel ‗b‘ indicate the number of subjects (out of a total of 10) that 

showed this pattern during the extreme treadmill speed conditions.  

 

 

To investigate frequency relationships between upper and lower limb motion, a Fourier transform 

was used. Figure 4a illustrates upper and lower limb motion in a representative participant and the 

power spectrum associated with these trajectories. When instances of upper and lower limb 

decoupling are plotted, limb motion generally cycled at integer frequency ratios (Figure 4b). 

Frequency ratios of 2:1 and 3:1 were observed in the upper limb while only frequencies of 2:1 were 

observed in the lower limbs.  
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Fig. 4. Sample Fourier transform from a participant decoupling at a 1:2 relationship (a) and group 

results illustrating limb frequency ratios (b). Numbers on the right side of panel ‗a‘ denote the peak 

frequency in the obtained spectrum. In panel ‗b‘, lines identify integer arm:leg frequency ratios.     

 

Discussion 
The purpose of this study was twofold: to determine how the CNS maintains a 1:1 frequency ratio 

when the upper and lower limbs are crawling at different speeds and examine how frequency 

relationships change when a 1:1 limb frequency relationship is no longer present. As expected, a 1:1 

frequency relationship was achieved by adjusting stride time and proportions of stance and swing 

time, although upper limb proportions were only affected by manipulations of upper limb treadmill 

speed (Figure 2). In general, an integer frequency ratio was maintained between upper and lower 

limbs even when a 1:1 relationship was not present. Moreover, decoupling was more likely to occur 

when the upper limbs stepped at lower speeds than the lower limbs, but more rarely the other way 

around (Figure 3b, 4). In the following we will discuss the putative neural control mechanisms 

behind these results.  

 

As stated, participants maintained a 1:1 frequency ratio between upper and lower limbs by adjusting 

stance and swing times as also seen when adapting to upright bipedal walking on a split-belt 

treadmill (Reisman et al. 2005) (see Figure 2). However, an interesting result is that lower limb 

treadmill speed manipulations had no effect on stance and swing proportions in the upper limbs 

(Figure 2, middle panels). Therefore, it appears that the upper limbs do not fully adapt to lower limb 

movement temporal characteristics. The reason for this adaptation may be related to representations 

of limb movement in the motor cortex. Zelenin et al. (2011) concluded that the vast majority of 

hindlimb neurons in the cat motor cortex were also sensitive to changes in forelimb movements, in 

contrast with the forelimb motor cortical neurons which were sensitive to changes in hindlimb 

movements only in a small percentage. One may hypothesize that a similar mechanism in the 

human motor cortex may underlie the relatively greater independence of upper limb motion in the 

present experiments, but this possibility remains speculative at this time.  

 



107 

 

More importantly, it appears that when a 1:1 frequency relationship is no longer maintained 

between the upper and lower limbs, an integer ratio (2:1 or 3:1) is generally seen (see Figure 4). 

This result corresponds to the integer relationship seen during swimming in humans (Wannier et al., 

2001). Wannier et al. (2001) suggested that this is evidence of coupled upper and lower limb CPGs, 

similar to the coupling described in quadrupeds. There were some participants in the current study 

who deviated from this pattern (for example, the participant illustrated in Figure 4a). Upon further 

inspection, it appears that these participants displayed greater variance (up to 5 times) than 

participants who followed an integer limb frequency relationship. Wannier et al. (2001) stated that 

trials with high variability were discarded in their analysis because it was suggested that the 

participant did not appropriately adapt to the task. Therefore, it is also possible that the participants 

in the current study who did not display an integer frequency relationship had not adapted fully to 

that specific crawling condition. 

 

However, decoupling was more likely to occur in the upper limbs when compared to the lower 

limbs (as seen in the proportion of participants displaying each pattern, see Figure 3). This is 

contrary to what Akay et al. (2006) reported in cats where decoupling only occured when lower 

limb treadmill speed decreased. Akay et al. (2006) attributed this to an uneven proportion of 

ascending and descending propriospinal projections. The quite different results in the human may 

be due to differing proportions of ascending and descending propriospinal neurons in the human or 

possibly an overriding of upper limb CPG control by cortical projections. In the human, the upper 

limb is used for many non-rhythmic tasks when compared to the cat (ie. reaching). This strong 

cortical influence on the upper limb in the human may facilitate overriding of CPG control leading 

to subsequent decoupling of the upper and lower limbs. Crawling experience may also contribute to 

the cortical control (Bell and Fox, 1996). Alternatively (or complementary to the role of the cortical 

control), taking into account that the major locus of CPG circuitry is in the lumbosacral 

enlargement, coupling of cervical and lumbosacral CPGs may depend on the strength of 

propriospinal connections. Indeed, cervical and lumbosacral enlargements in humans appear to be 

coupled by long propriospinal neurons projecting to different pools of alpha-motor neurons across 

several spinal segments (Nathan et al., 1996). Our results suggest that the strength of these 

connections may be weaker in humans.  

 

In conclusion, healthy adults generally preserve a 1:1 frequency relationship when hands-and-feet 

crawling on treadmills moving at differing speeds. This is accomplished through the manipulation 

of stance and swing proportions and changing in the stride time, with a trend for the upper limbs to 

maintain their own proportions rather than to adapt to lower limb motion (Figure 2, middle panels). 

When a 1:1 relationship is no longer maintained, an integer frequency ratio is present between the 

upper and lower limbs, supporting evidence of coupled CPG control. In addition, the upper limbs 

were more likely to decouple when compared to the lower limbs (contrary to that seen previously in 

the cat) and may be due to weaker lumbosacral propriospinal projections to the cervical 

enlargement or a greater influence of cortical control on the human upper limbs.  
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1.2 Motor features characterized by different kind of motor primtives 

(UniTu) 

1.2.1 General introduction 
 

Motor primitives are usually identified by applying dimensionality reduction methods that in 

practice factorize kinematic, dynamic or electromyographic recordings into different kinds of 

temporal, spatial or spatio-temporal organizations. However, the existence in the literature of 

multiple definitions of motor primitives and their separate application to complex tasks complicates  

the comparison and interpretation of the results obtained across studies, and it is not always clear 

why and when one synergistic decomposition should be preferred to another one. Moreover each 

technique is characterized by specific priors on the parameters of the corresponding generative 

models so that, dependently on the constraints of each technique, different performance and 

solutions can be expected at the end of the identification process. The UniTu group has investigated 

these aspects, to add knowledge about what feature motor primitives are actually describing.  In one 

study (Chiovetto et al., 2013) different synergistic decompositions were applied to the same and 

simple EMG dataset for which the mechanical action of each muscle contraction is well-known, 

specifically EMGs collected during elbow flexions and extensions. Results showed that each EMG 

decomposition provides a set of well-interpretable muscle synergies, identifying reduction of 

dimensionality in different aspects of the movements. In contrast to the first, in a second study we 

investigated the kinematic modular organization associate with a complex whole-body task 

requiring controlled arm reaching while locomoting on a treadmill. A new machine learning 

technique based on a generative model allowing temporal shifts of the components was applied to 

the data and it revealed the existence of two main distinct components accounting, respectively, for 

the periodic and non-periodic temporal components of the joint angle trajectories. Classical 

principal component analysis applied to the same data could not identified such task-related 

component and provided a more complex representation of the total variance associated with the 

data. 

 

This section of the Deliverable is organized into two subsections, each corresponding to the articles 

mentioned above. The first one (Chiovetto  et  al., ―Investigating reduction of dimensionality during 

single-joint elbow movements: a case study on muscle synergies‖) has been published.  The second 

article (Chiovetto and Giese, ―Kinematics of the coordination of pointing during locomotion‖) has 

been submitted and it is currently in revision. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



110 

 

1.2.2 Investigating reduction of dimensionality during single-joint 

elbow movements: a case study on muscle synergies
6 

Abstract 

A long standing hypothesis in the neuroscience community is that the CNS generates the muscle 

activities to accomplish movements by combining a relatively small number of stereotyped patterns 

of muscle activations, often referred to as ―muscle synergies‖. Different definitions of synergies 

have been given in the literature. The most well-known are those of synchronous, time-varying and 

temporal muscle synergies. Each one of them is based on a different mathematical model used to 

factor some EMG array recordings collected during the execution of variety of motor tasks into a 

well-determined spatial, temporal or spatio-temporal organization. This plurality of definitions and 

their separate application to complex tasks have so far complicated the comparison and 

interpretation of the results obtained across studies, and it has always remained unclear why and 

when one synergistic decomposition should be preferred to another one. By using well-understood 

motor tasks such as elbow flexions and extensions, we aimed in this study to clarify better what are 

the motor features characterized by each kind of decomposition and to assess whether, when and 

why one of them should be preferred to the others. We found that three temporal synergies, each 

one of them accounting for specific temporal phases of the movements could account for the 

majority of the data variation. Similar performances could be achieved by two synchronous 

synergies, encoding the agonist-antagonist nature of the two muscles considered, and by two time-

varying muscle synergies, encoding each one a task-related feature of the elbow movements, 

specifically their direction. Our findings support the notion that each EMG decomposition provides 

a set of well-interpretable muscle synergies, identifying reduction of dimensionality in different 

aspects of the movements. Taken together, our findings suggest that all decompositions are not 

equivalent and may imply different neurophysiological substrates to be implemented. 

 

Keywords: Muscle Synergies, Non-Negative Matrix Factorization, EMG, Elbow Rotations, 

Dimensionality Reduction, Triphasic Pattern 

  
                                                 

6
  manuscript published in Front Comput Neurosci. 2013;7:11. doi: 10.3389/fncom.2013.00011. 

Authors: Enrico Chiovetto
1, 2*

, Bastien Berret
2, 3

, Ioannis Delis
2, 4, 5

, Stefano Panzeri
5, 6

 and Thierry 

Pozzo
2, 7, 8  

1- University Clinic Tübingen, Section for Computational Sensomotorics, Department of 

Cognitive Neurology, Hertie Institute of Clinical Brain Research and Center for Integrative 

Neurosciences, Tübingen, Germany. 2- Deparment of Robotics, Brain and Cognitive Sciences, 

Istituto Italiano di Tecnologia, Via Morego 30, 16163 Genoa, Italy. 3- UR CIAMS, EA 4532 - 

Motor Control & Perception team, Université Paris-Sud 11, Orsay, F-91405, France. 4- Department 

of Communication, Computer and System Sciences - University of Genoa,   Via dell' Opera Pia 13, 

16145 Genoa, Italy. 5- Institute of Neuroscience and Psychology, University of Glasgow, Glasgow 

G12 8QB, United Kingdom . 6- Center for Neuroscience and Cognitive Systems @ UniTn, Istituto 

Italiano di Tecnologia, Via Bettini 31, 38068 Rovereto (TN), Italy. 7- Université de Bourgogne, 

Dijon, Campus Universitaire, UFR STAPS, BP 27877, F-21078 Dijon, France. 8- INSERM, U887, 

Motricité-Plasticité, Dijon, F-21078, France
 

 



111 

 

Introduction 

A large amount of studies have provided in the last two decades evidence according to 

which the central nervous system (CNS) generates the muscle patterns necessary to achieve a 

desired motor behaviour by combining a relatively small number of stereotyped spatial and/or 

temporal patterns of muscle activation, often referred to as ―muscle synergies‖  (Bizzi et al., 2008). 

An appeal of this framework is that it suggests that the CNS may control movement execution 

through a relatively small number of degrees of freedom.  

Different conceptual definitions of muscle synergies have been given in the literature. These 

in practice translate into different mathematical models used to factor electromyographic (EMG) 

array recordings collected during the execution of variety of motor tasks into different kinds of 

temporal, spatial or spatio-temporal organizations. Invariant temporal components (or ―temporal 

synergies‖, see Ivanenko et al., 2004, 2005; Dominici et al., 2011; Chiovetto et al., 2010, 2012) are 

defined as temporal muscle activation profiles that can be simply scaled and summed together to 

reconstruct the actual activity of each muscle. ―Synchronous synergies‖ (Cheung et al., 2005, 2009, 

2012; Ting and Macpherson, 2005; Torres-Oviedo and Ting, 2007, 2010) are stereotyped co-

varying groups of  muscle activations, with the EMG output specified by a temporal profile defining 

the timing of each synergy during the task execution.  ―Time-varying synergies‖ (d‘Avella et al., 

2003, 2006, 2008, 2011) are genuine spatiotemporal patterns of muscle activation, with the EMG 

output specified by the amplitude and time lag of the recruitment of each synergy.  

 Typically, previous studies about muscle synergies focused on a given decomposition that 

was then used to investigate potential functions of muscle synergies in complex motor tasks 

involving a large number of degrees of freedom (dof). Each of these decompositions has been used 

successfully to identify common physiologically important factors of muscle activity (Ivanenko et 

al., 2005; d‘Avella et al., 2006; Cheung et al., 2005). The existence in the literature of multiple 

definitions of muscle synergies and their separate application to complex tasks complicates however 

the comparison and interpretation of the results obtained across studies, and it is not always clear 

why and when one synergistic decomposition should be preferred to another one. We propose 

instead here that the systematic study of the application of all these decompositions to the same and 

simple dataset for which the mechanical action of each muscle contraction is well-known would 

greatly help to build intuition about the merit and functional interpretation of each synergistic 

decomposition. This would moreover be beneficial to the interpretation and comparison of different 

studies. We thus considered the extreme case of single-joint elbow movements, characterized by 

one kinematic dof, two antagonist muscles (biceps and triceps) and four  experimental tasks 

(flexions and extensions along both the horizontal and vertical directions). We applied 

systematically decompositions into synchronous, time varying and temporal synergies of EMG data 

recorded during this elementary and well documented motor task (see Berardelli et al., 1996 for a 

review), whose biomechanical and neurophysiological bases were studied intensively (Gottlieb et 

al., 1995; Shapiro et al., 2005). 

 Our findings support the notion that each EMG decomposition provides a set of well-

interpretable muscle synergies, identifying reduction of dimensionality in different aspects of the 

movements. Each temporal synergy indeed conveys information about a specific temporal phase of 

the movement (acceleration, deceleration and stabilization). Synchronous and time-varying 

synergies instead encode respectively the simultaneous and coordinated actions of specific groups 

of muscles aiming to achieve a specific action goal and a task-related feature of the elbow 

movements (specifically the direction of motion). Taken together, our findings suggest that all 

decompositions are not equivalent and may imply different neurophysiological substrates to be 

implemented. 
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Material and methods 

Subjects 

Eight healthy right-handed subjects (7 males, 1 female, ages 29 ± 4 years, mass 74 ± 9 kg, 

height 1.77 ± 0.07 m), participated voluntarily to the experiments that were all performed at the 

Robotics, Brain and Cognitive Sciences Department at Italian Institute of Technology (IIT)  in 

Genoa (Italy). All subjects were in good health condition and had no previous history of 

neuromuscular disease. The experiment conformed to the declaration of Helsinki and informed 

consent was obtained from all the participants according to the protocol of the ethical committee of 

IIT.  

Protocol 

 Subjects sat on a chair with their back straight and perpendicular to the ground. They were 

asked to perform one-shot 90 degrees elbow rotations between two reference points along either a 

vertical and a horizontal plane (Figure 1). A total of four experimental conditions were thus studied 

(vertical flexion, VF, vertical extension, VE, horizontal flexion, HF and horizontal extension, HE). 

For movements along the vertical direction, the two reference points were located in a vertical 

plane, placed laterally at approximately 10 cm from the subject‘s movement plane. To this aim, we 

used a wooden hollow frame containing 1.5 cm-spaced thin vertical fishing wires to which fishing 

leads indicating the requested fingertip initial position were attached.   

 

Figure 1: Sketch of the experimental paradigm. Subjects sat on a chair and had to accomplish 

flexions or extensions of the elbow along both the vertical (V) and horizontal (H) plane. 

One reference point coincided with the subject‘s fingertip position in the vertical plane when the 

arm was completely relaxed and extended vertically with the index fingertip pointing at the ground 

(vertical position number 1, or VP1). The second point coincided with the subject‘s fingertip 

position in the vertical plane when, starting from VP1, the elbow was rotated of about 90 degrees so 

that at the end the forearm was parallel to the ground (vertical position number 2, or VP2).  The 

positions of the fishing leads were adjusted for each subject before the initiation of the experiment, 
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based on the subject‘s upper arm and forearm lengths. For vertical elbow flexion subjects rotated 

the elbow so as to move their index finger from VP1 to VP2. On the contrary, during vertical elbow 

extension they had to move the fingertip from VP2 back to VP1. For rotation along the horizontal 

plane subjects sat in front of a table. One reference point on the table coincided with the horizontal 

location of the index fingertip when the upper-arm was kept horizontal with respect to the ground 

and perpendicular to the coronal plane and the forearm flexed of about 90° with respect to the 

upper-arm (horizontal position 1, or HP1).  The second reference point coincided with the fingertip 

location when the whole arm was completely extended horizontally in front of the subjects and 

perpendicular to the coronal plane (horizontal position 2, or HP2). After that (for each subject) HP1 

and HP2 were identified, their location was marked on the table by means of two small squared 

pieces of colored tape. The table plane laid 10 cm below the plane of rotation of the arm, avoiding 

thus to disturb the accomplishment of the movement.  For horizontal elbow flexion subjects had to 

rotate the elbow so as to move their index finger from HP1 to HP2. On the contrary, during 

horizontal elbow extension they had to move the fingertip from HP2 back to HP1.  Subjects were 

always asked to perform fast movements (mean velocities and average peak velocities are reported 

in Table 1 for each subject and condition). They performed 20 elbow flexion and 20 extensions for 

each plane orientation.  During the experiment the wrist joint was frozen by means of two light and 

small sticks attached to the distal part of the forearm and the proximal part of the hand. At any trial 

repetition subjects put their index finger on the starting position.  

           HF     HE      VF       VE 

                   Peak vel.  

 
AL 8.86 ± 0.91 

 

-8.95 ± 0.77 

 

10.81 ± 1.12 

 

-11.65 ± 2.37 

(rad/s) 

  
AR 11.78 ± 0.97 

 

-9.84 ± 1.29 

 

12.51 ± 0.89 

 

-12.55 ± 1.11 

   
CA 9.69 ± 1.35 

 

-8.26 ± 0.92 

 

9.63 ± 1.66 

 

-9.08 ± 2.59 

   
MA 7.09 ± 0.99 

 

-7.45 ± 1.83 

 

7.18 ± 0.83 

 

-7.92 ± 1.42 

   
FR 4.85 ± 0.41 

 

-7.37 ± 0.77 

 

5.84 ± 1.07 

 

-5.29 ± 0.57 

   
FA 11.32 ± 1.01 

 

-10.35 ± 1.03 

 

9.72 ± 1.24 

 

-12.04 ± 1.30 

   
GI 7.96 ± 0.93 

 

-8.17 ± 0.89 

 

9.99 ± 0.69 

 

-9.28 ± 1.48 

   
LA 8.56 ± 2.10 

 

-9.70 ± 0.68 

 

10.19 ± 0.69 

 

-12.63 ± 0.93 

                   Mean vel.  

 
AL 3.26 ± 1.00 

 

-3.47 ± 0.74 

 

4.31 ± 0.68 

 

-4.06 ± 0.98 

(rad/s) 

  
AR 3.55 ± 0.34 

 

-2.92 ± 0.83 

 

3.95 ± 0.56 

 

-3.69 ± 0.76 

   
CA 3.86 ± 0.81 

 

-3.65 ± 0.42 

 

3.53 ± 0.60 

 

-3.06 ± 0.64 

   
MA 3.01 ± 0.37 

 

-2.68 ± 0.49 

 

3.00 ± 0.43 

 

-2.81 ± 0.47 

   
FR 2.04 ± 0.31 

 

-1.61 ± 0.78 

 

2.56 ± 0.35 

 

-2.18 ± 0.47 

   
FA 4.10 ± 0.92 

 

-2.15 ± 0.54 

 

3.68 ± 0.64 

 

-3.54 ± 0.71 

   
GI 3.41 ± 0.37 

 

-3.65 ± 0.29 

 

3.82 ± 0.63 

 

-3.58 ± 0.54 

   
LA 3.24 ± 1.89 

 

-3.57 ± 0.60 

 

3.66 ± 0.70 

 

-3.47 ± 0.54 

                                      
 

Table 1:  Average mean and peak angular velocities. For each movement and subject the average 

velocities (± standard deviation) are reported. Averages and standard deviations were computed 

over all trials repetitions. 
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The experimenter started data acquisition and gave the ―go‖ signal. The subjects performed the 

movement after the ―go‖ signal and stopped on the target for about a second. Data acquisition 

stopped automatically after two seconds. At the end of the trial the subject assumed with his arm a 

relaxing position until the beginning of the next trial. After 20 trials subjects took a pause of about 3 

minutes to avoid fatigue.  

Apparatus 

During trials‘ execution kinematic data were recorded by means of a Vicon (Oxford, UK) 

motion capture system. Six passive markers were attached on subjects‘ right arm (the acromion 

process, lateral epicondyle of the humerus, the styloid process and the tip of the index finger) and 

head (external canthus of the eye and auditory meatus). Electromyographic activity of biceps 

brachii (Bic) and triceps longus (Tri) was monitored by means of an Aurion (Milan, Italy) wireless 

electromyographic system. Impedance between the surface electrodes was always checked not to 

exceed 5 KΩ: in the case of higher values, skin was rubbed by means of an abrasive sponge in order 

to decrease it. EMG data were amplified (gain of 1000), band-pass filtered (10 Hz high-pass and 1 

KHz low-pass) and digitized at 1000 Hz. 

Data pre-processing 

Data were analysed off-line using customized software written in Matlab (Mathworks, Natick, 

MA). Kinematic data were low-pass filtered (Butterworth filter,   cut-off frequency of 20 Hz). The 

angular displacement of the elbow was computed starting from the markers‘ spatial positions. 

Elbow angular velocity of rotation was obtained by numerical differentiation of the angular 

position. Mean and peak angular velocities were computed for each trial. The mean velocity was 

computed as the mean value of the angular velocity over the movement duration. The time instants 

of movement initiation (t0) and end (tf) were defined respectively as the instants at which the bell-

shaped angular velocity profile of the elbow exceeded and dropped below 5% of its peak value. For 

the EMG analysis, muscle signals were full-wave rectified, normalized in amplitude with respect to 

their maximum value recorded across all trials and conditions and low-pass filtered once more with 

a zero-lag Butterworth filter (cut-off frequency 5 Hz). The filtered EMG signals relative to each 

trial and comprised between 100 ms before t0 and tf were normalized to a standard time window of 

200 samples. By considering 100 ms before movement initiation we wanted to include in the 

analysis any kind of anticipatory activity associated with the movement. To identify specific 

invariant patterns characterizing the EMG activities of the different subjects, two versions of non-

negative matrix factorization were applied to the low-pass filtered EMGs. The standard NMF 

algorithm (Lee and Seung, 1999) was used to identify both temporal components and synchronous 

synergies.  

Temporal synergies (or temporal components) 

NMF was applied to the matrix M of the EMG signals (size m by T, where m is the number of 

muscles signals and T the number of time samples), providing two matrices U and C (of dimension 

respectively m by Nc and Nc by T, where Nc is the number of temporal components) such that, at 

the time intant t, it results            

                                                                      Nc 

                                                           M(t)=∑UiCi(t) +residuals                                          (1) 
                                                                      i=1 
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were Ui indicates the i-th column of the matrix U and Ci(t) the i-th element of the column vector 

C(t). Note the number of muscles m indicates the number of muscles recorded during one single 

experimental trial. When considering multiple trials the matrix M was obtained by concatenating 

vertically the matrices of the single trials. 

 Synchronous synergies.  

NMF was applied to the transpose matrix M′ of M, providing thus two matrices V and W (this time 

of dimension respectively T by Ns and Ns by m, where Ns is the number of synchronous synergies) 

such that  

                                                                                               N s 

                                                           M′(t)=∑Vi(t)Wi+residuals                                         (2) 
                                                                                              i=1 

 

were Vi(t) indicates the i-th element of the row vector V(t) and Wi the i-th row of the matrix W. 

Note that in (1) the j-th row of the matrix M results from the linear combination of the rows of the 

matrix C scaled by the scalar coefficients of the j-th row of the matrix U. Each row of C therefore 

contains one temporal component. In (2), conversely, the j-th row of M′ is obtained by combining 

linearly the rows of W scaled by the coefficients of the j-th row of V. Each row of W therefore, of 

dimension 1 by Ns, represents a vector of muscle activations, i.e. a synchronous synergy. Note also 

that, because of the constraints imposed by NMF on parameters, all the entries of the matrices U, V, 

C, and W are non-negative. Even in this case, when considering multiple trials before applying 

NMF the transposed of the matrixes of the single trials were concatenated vertically. 

Time-varying synergies.  

We applied a customized version of standard NMF and that was developed by d‘Avella and 

colleagues (2003, 2005). Similarly to standard NMF all the identified parameters are non-negative, 

but temporal shifts of the synergies are also allowed so that each column vector of M at the instant t 

is the following relationship is such that 

                                     Nt 

                                                            M(t)=∑ciwi(t-τi) + residuals                                    (3) 

                                                                                             i=0 
 

where Nt is the number of time-varying synergies and the ci and τi are respectively the scaling 

coefficient and the time delay associated the synergy wi. The algorithm by d‘Avella and colleagues 

requires specifying the temporal duration of each time-varying synergy. In this study the time 

duration of each synergy was set, for each subject, as long as the time duration of the whole trial 

after time standardization (200 samples). Note that the residuals in (1), (2) and (3) decrease as the 

number of synergies increase. In case of multiple trials, the matrixes of the single trials were 

concatenated horizontally. 

Selection of the number of synergies to be included in the EMG decomposition and their 

significance.  
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In (1), (2) and (3) the numbers of muscle synergies (Nc, Ns and Nt) are free parameters of the 

analysis that can be set arbitrarily by the experimenter.  Here, it was decided to set in all the three 

cases the number of synergies according to a criterion based on the computation of the variance 

accounted for (VAF) as a function of Nc, Ns and Nt. The VAF was defined as it follows 

                                           VAF = 100∙(1-(||M - D||
2
/||M-mean(M))||

2
) )                               (4) 

 

where D is the matrix of the reconstructed EMG obtained by using a certain number of synergies 

and mean() is an operator that compute a matrix of the same size of the matrix M and whose rows 

are equal point by point to the mean values of the corresponding rows of M. The number of 

synergies was determined as the number of components at which the graph of the cumulative VAF 

presented a considerable change of slope (an ―elbow‖) and after which the slope of the graph 

became constant (Ferré, 1995). The exact point of change was quantitatively determined by using a 

linear regression procedure already used in literature (Cheung et al., 2005, 2009; d‘Avella et al., 

2006; Chiovetto et al., 2010, 2012). We computed a series of linear regressions, starting from a 

regression on the entire cumulative VAF curve and progressively removing the smallest value of 

number of component from the regression interval. We then compute the mean square residual error 

of the different regressions and selected the number of optimal synergies the first number whose 

corresponding error was smaller than 10^-3.  To minimize the probability to find local minima, we 

always ran NMF 25 different times on the same data set and consider as valid solution that provided 

the lowest reconstruction error between original and reconstructed error. To test the robustness and 

generality of the synergies extracted from each data set we exploited the two following cross-

correlation procedures. We divided each data set in 5 parts of the same size. Since every data set 

consisted of the EMG activities of the Bic and Tri muscles collected during 20 repetitions of the 

same movement accomplished by one subject, each part consisted of the EMG activities of four 

trials. We then chose randomly 4 parts to use as training data set and one part as test data set. We 

extracted the synergies from the training data set and used them to reconstruct the activations of the 

test data set. We used the original and reconstructed test data sets to compute the VAF to draw the 

graph of the cumulative VAF.  We also used the synergies extracted from each subject to 

reconstruct the EMG data sets of all the other subjects and assessed the level of reconstruction 

goodness by computing the VAF.  For all cases, we verified that the extracted synergies did not 

result from a bias associated with the extraction methods by running a simulation. For each subject 

and decomposition, we compared the VAF values for the reconstruction of the experimental data 

obtained by combining the identified synergies with the VAF values of the reconstruction of 

random, structureless data reconstructed by combination of the synergies identified from those 

artificial data. Such data sets were generated by reshuffling the samples of each muscle 

independently in each trials of each subject. Reshuffled data were then low-pass filtered (5 Hz 

cutoff). For each one of the actual data set we simulated 50 artificial data sets and extracted the 

synergies by using the same procedure used for the observed data. We estimated the significance by 

computing the 95th percentile of the VAF distribution for simulated data.  

Similarity of synergies across subjects.  

The similarity between synergies of different subjects was quantified by computing their scalar 

products. For synchronous synergies and temporal components we proceeded as follows. For all 

possible pairs of normalized synergies of two different subjects the corresponding scalar products 

were computed. Note that, by definition, such a product can only adopt values ranging between 0 

and 1. The pair with highest similarity was selected and the corresponding synergies were removed 

from the two groups of synergies. The similarities between the remaining synergies were then 
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computed, and the best matching pair of synergies was selected and removed from the original and 

reconstructed model. This procedure was iterated until all synergies were matched. To compute the 

similarity between time-varying synergies the procedure was very similar to the one just described 

above with the only difference that in the last case, before computing the scalar product, the 

matrices of the synergies were first rearranged by disposing the entries of the matrices in form of 

vectors. The similarity between synergies was then quantified by computing the maximum of the 

scalar products over all possible time delays of the second synergy with respect to the first. To 

access however the significance of the values of similarity provided by the scalar products we 

defined a similarity index (S) between two synergies. This index, ranging from 0 (similarity at 

chance level) and 1 (perfect matching of the synergies) was defined as follows 

                                                  S =  (sdata-schance) / (1-schance)                                                               (5) 

Where sdata is the scalar product between two synergies extracted from the actual data and schance is 

the mean scalar product between 200 pairs of random synergies. We generated the artificial 

synergies by resampling randomly from the distribution of the activation amplitude of each muscle 

in the data set from which the synergies were extracted and constructed sequences of random data 

with the same length of the extracted synergies. Artificial data were then low-pass filtered to match 

the smoothness of the actual data.  

Results 

To compare systematically the results provided by different synergistic decompositions 

when characterizing the same EMG data set, we recorded EMGs during a series of elbow rotations 

and then we extracted and compared synchronous, time-varying and temporal muscle synergies.  

To illustrate the data, we begin by showing in Figure 2A the EMGs recorded during a 

typical trial accomplished by one subject and relative to an elbow flexion in the horizontal plane. 

Consistent with previous literature (Berardelli et al., 1996), such a movement is characterized by a 

sequence of three EMG bursts: an initial burst of the agonist muscle having the goal of providing 

the propulsive force to accelerate the movement, followed by a second burst of the antagonist to 

decelerate the movement and a third burst of the agonist to dampen the oscillation that other appears 

at the end of the movement.  The latter final corrective action is also reflected in the final overshoot 

of the finger velocity profile. This sequence of bursts of activity was found also for elbow extension 

in the horizontal plane and flexion and extension in the vertical one (Figure 2B). 

We then considered the extraction of synergies from these data. The first interesting 

question is how many synergies of each type are needed to describe the data. The number of 

synergies to consider was determined, for each subject and type of decomposition, from the 

dependence of the percentage of VAF (see Methods) upon the number of synergies. The latter 

curves are plotted in Figure 2 for each type of synergy factorization and for each subject. The VAF 

curves in each decomposition were very similar across subjects. While for the temporal and time-

varying decomposition we could extract up to 6 synergies (Figure 2A and 2C) we found that, when 

referring to a synchronous synergistic decomposition, two synergies were enough to account for 

100% of the variance associated with the original data. We thus did not extract a number of 

synergies higher than two. In Figure 3B, however, we reported an amount of variance equal to 

100% even for N = 3,4,5 and 6, to make Figure 3B graphically coherent with the other two panels, 

i.e. Figure 3A and 3B.  
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Figure 2: Typical EMG and kinematic associated with the experimental paradigm. A.   EMG 

traces of individual rapid flexion and extension movements of the elbow in a normal subject. In all 

conditions the triphasic pattern results clearly present. B. From the top, angular elbow displacement 

and velocity associated with one typical elbow flexion in the horizontal plane are respectively 

depicted, along with the EMG activities of Bic and Tric muscles. In the two panels at the bottom, 

the smoothest lines represent the envelopes of the rectified EMGs and were obtained by low-pass 

filtering the rectified EMG at 5 Hz, the spikiest ones at 20 Hz. Clearly, different filtering 

frequencies do not modify the main temporal features of the signals 
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Figure 3A reports the VAF dependence upon the number of extracted temporal synergies. For all 

subject, the VAF reached a high value when including 3 synergies, and the linear interpolation 

algorithm that we used (see Methods) indicated that in all subjects 3 temporal synergies were 

sufficient to explain the vast majority of the variance (with additional temporal synergies generated 

by the NMF algorithm adding only a very small fraction of the total variance). The VAF curves for 

synchronous (Figure 3B) and time-varying (Figure 3C) synergies show that, for each individual 

subject, only two synergies were instead required to account for the variance of the EMG data.  

 

 

 

 

 

 

 

 

 

 

Figure 3: Levels of approximation as a function of the number of synergies. A. Percentage of 

VAF as a function of the number of temporal synergies. B. Percentage of VAF as a function of the 

number of synchronous synergies. C.  Percentage of VAF as a function of the number of time-

varying synergies. Each coloured line is associated to a specific subject (see most right panel), 

which in the figure is identified by the initials of his first and last name. In all the three panels the 

vertical arrows indicate the number of primitives at which the curves satisfy the linear regression 

criterion to choose the number of primitives (see Methods). These points are invariant across 

subjects and coincide, in most of the cases, with the points at which the curves present an ―elbow‖ 

and start becoming straight. 

After having individuated their number, we next considered the shapes of the synergies extracted by 

each decomposition. Figure 4A reports the shapes of the three temporal synergies extracted from 

the EMGs of a typical subject (LA). The three temporal components clearly remind of the triphasic 

organization presented in Figure 2. Each temporal component is characterized by one major bump. 

The first temporal synergy can be interpreted as the component contributing the most to the 

modulation of the first burst of the agonist muscle during movement accomplishment: the second as 

the first burst of the antagonist; and the third as the second burst of the agonist. Note that the third 

temporal synergy shows an initial deactivation before the occurrence of the main peak. This initial 

part of the synergy can be associated to the antagonist deactivation, prior to movement initiation, of 

the anti-gravitational muscles during rotation along the vertical plane. The combination coefficients 

in Figure 4B (averaged across the repetitions of each kind of movement) show the contribution of 

each component to the activity of each muscle. Consistently with a triphasic pattern, it is evident 

that the first component is contributing more to the activity of the biceps during VF and HF; 
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conversely, it contributes more to the activation of the triceps in VE and HE. Similarly the second 

temporal synergy is more active for the muscles opposing the actions exerted by the muscles 

activated by the first components. Thus for HF and VF movements the coefficients of the triceps are 

higher than those of the biceps. Whereas for VE the coefficient of the biceps is higher than that of 

the biceps, for HE movements however the level of the coefficients of the two antagonist muscles is 

approximately the same. The coefficients show then that, in all movements, the third component is 

contributing to the activations of both muscles in approximately equivalent proportion, in order to 

compensate for overshoots or to increase the joint stiffness by co-activating opposing muscles.  

 

 

 

 

 

 

 

 

 

Figure 4: Identified temporal synergies. A. Temporal components extracted from one typical 

subject (LA), ordered according to the time of the occurrence of their main peaks. B. Corresponding 

scaling coefficients. 

There are two points that need to be remarked. First of all in the pre-processing step all the 

EMG signals of each muscle were normalized with respect to the maximum value that was recorded 

for that muscle across all trials. Such a procedure may consequently lead to a partial loss of 

information about the relationship among the EMG amplitudes of different muscles monitored 

within the same trial. Moreover, trials were normalized in duration, which may introduce some 

supplementary temporal variability when merging all trials together to extract synergies. These can 

explain why the average coefficients of biceps and triceps relative to temporal synergy 2 in Figure 

4B had approximately the same value for condition HE, differently from the expectation according 

to which the coefficient of the biceps should have appeared much larger than that of the triceps. 

According to the triphasic strategy, indeed, it should have been expected the second component to 

contribute mainly to the activation of biceps muscle which, in HE, is devoted to exert the antagonist 

role.  

In addition, it is important to note that the number of identified temporal synergies is three, 

which is higher than the number of degrees-of-freedom to control (one joint angle, two muscles). 

This may look at first as a useless increase of complexity. However, the strength of a triphasic 

strategy in a single-joint motor task lies likely in its flexibility and power of generalization. Indeed, 

similar triphasic muscle organizations were found characterizing also arm raising (Friedli et al., 

1984), rapid voluntary body sway (Hayashi 1998) and whole-body reaching (Chiovetto et al., 2010, 

2012) motor tasks. In accordance with this premise, one can note that the four tasks were all 
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executed through a triphasic motor pattern. While previous studies mainly demonstrated the 

powerfulness of the synergy idea to reduce the dimensionality of motor control and execution, our 

results show in addition that temporal synergies present marked functional features.  

  Figure 5A depicts the two synchronous synergies extracted from the EMGs of a typical 

subject (LA).  Each synergy is characterized by the activation of one single muscle. Due to their 

antagonist nature, biceps and triceps therefore were found to share no common level of activation. 

Note that, although such a result may seem trivial in a two dimensional space, we might have 

obtained a pair of linearly independent vectors characterized by noticeable activity of both muscles. 

In Figure 5B the temporal evolution of the scaling coefficients averaged across movement repetition 

are shown for each muscle and each movement. Note how, within each movement condition, the 

activities of the agonist and antagonist muscles are always characterized by one main burst in 

agreement with a classic triphasic pattern. Only for the first coefficient relative to HF movements 

the second burst is not clearly visible, this being very likely due to the averaging procedure.  

 

 

 

 

 

 

 

 

 

Figure 5: Identified synchronous synergies. A. Synchronous synergies identified from one typical 

subject (LA). B. Temporal evolution of the corresponding scaling coefficients 

Finally, the two time-varying synergies are shown in Figure 6A. They were characterized by 

one single burst for each muscle, one for the biceps and one of the triceps. The two synergies 

differed however for the temporal order in which the two burst occurred: whereas the burst of the 

biceps anticipated the burst of the triceps in the first time-varying synergy, the order of the peaks 

was reversed in the second one. The average scaling coefficients and temporal delays corresponding 

to each synergy are shown in Figure 6B-C. Note that also in this case, the contribution of each 

synergy to the EMG activity of each movement is consistent with the biomechanical feature of the 

movement itself. Thus time-varying synergy 1, in which the biceps is activated first, contributes 

more to HF and VF movements, while time-varying synergy 2, in which the triceps is activated 

first, contributes more to HE and VE movements.  

In sum, we found that each kind of muscle decomposition provided a set of interpretable synergies. 

Each temporal component described a temporal phase of the movement. Each synchronous synergy 

described the simultaneous and coordinated action of a group of muscles (only one in our case) 
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aiming to achieve a specific action goal. Each time-varying synergy related instead to a specific 

task-related variable (specifically a direction of motion). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6: Identified time-varying synergies. A. Time-varying synergies extracted from the EMG 

activity of one typical subject (LA). B. Corresponding scaling coefficients. C. Corresponding 

temporal delays. 
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We used the synergies extracted from each subject to reconstruct the EMG data of each one 

of the others and assessed the percentage of VAF. The results are reported in forms of confusion 

matrices (Figure 7). The average percentage of VAF computed across subjects was 90 ± 7 % when 

temporal synergies were extracted and used for reconstruction, and 87 ± 4 for the data sets 

reconstructed by using the time varying synergies. These values were found to be significant and 

did not result from a bias built in the extraction methods. The average 95th percentile of the 

distribution of VAF values obtained from the reconstructions of the simulated data were indeed 

much lower of the ones obtained from the reconstruction of the actual data, respectively 17.6 %  

and 39.3%  when data where decomposed according to the temporal and time-varying synergistic 

decompositions. The synchronous case was not considered given the features of the extracted 

sources and the fact that with such synergies a perfect match of the actual data could always be 

achieved. 

 

Figure 7: Cross-validation results. A. Percentage of VAF for the reconstruction of the actual 

EMG data set of one subject by using the temporal synergies identified from the data sets of the 

other subjects. VAF values along each row are associated with the reconstruction of the data of one 

single subject. B. Percentage of VAF for the reconstruction of the actual EMG data set of one 

subject by using the time-varying synergies identified from the data sets of the other subjects. 
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We quantified how much the synergies illustrated in Figure 4, 5 and 6 for one single subject 

were representative also of the synergies extracted from the EMG activity of the other subjects. To 

this purpose we computed the average scalar products and similarity indeces between groups of 

synergies belonging to different participants. For the temporal components, the average scalar 

product was s = 0.93 ± 0.01,   s = 1 ± 0 for the synchronous synergies and s = 0.91 ± 0.05 for the 

time-varying ones. The scalar products across subjects of synchronous synergies were always equal 

to 1 because for all the subjects the same set of synchronous synergies was always identified, in 

which only one single muscle was recruited at a time. Note that in this case also the similarity index 

S is always automatically equal to 1. The mean S values computed between groups of synergies 

extracted from different subjects are plotted in Figure 8.  On average S = 0.86 ± 0.06 for the groups 

of temporal synergies and S = 0.85 ± 0.11 for the time-varying synergies. Note that in both cases 

the average similarity index was much higher than 0 (chance level). In sum, all synergies 

decompositions show a very high degree of robustness across subjects.  

Discussion 

We used NMF-based methods to extract three different kinds of muscle synergies from the 

EMG activity of two antagonist muscles during the accomplishment of single-joint elbow rotations 

along both the horizontal and vertical planes. By using a well-understood motor task, we aimed to 

clarify better what are the motor features characterized by each kind of decomposition and to assess 

whether, when and why one of them should be preferred to another. We found well-defined 

interpretable results for each of the EMG signals decomposition considered. This allow us to 

discuss more in detail about what motor features each kind of muscle synergy decomposition 

encodes and, consequently, to explain why sometimes the extraction of one type of synergy may be 

more meaningful than another one. 

In some previous studies (Tresch et al., 2006; Ivanenko et al., 2005) different unsupervised 

learning algorithms were applied to the same data set to verify the independence of the synergies 

from the particular technique used for their identification, or to test the superiority of an algorithm 

with respect to another one. In such studies however, all the algorithms used always relied on the 

same generative model, i.e. on the same definition of synergy. To our knowledge, this is the first 

study comparing synchronous, time-varying and temporal muscle synergies extracted from the same 

data set. Hence it offers the possibility to gain novel insights into the benefits provided by the 

different modular decompositions. Our choice of an elementary motor task for which most of the 

neuromuscular functions are well-understood, made the interpretations of various synergies as 

transparent as possible.  

The results that we presented revealed that in all the cases NMF led to the identification of 

interpretable muscle synergies. The extraction of synchronous synergies yielded two primitives, 

each one characterized by the activation of only one of the two muscles, indicating that biceps and 

triceps (respectively flexor and extensor of the elbow joint) assumed independent levels of 

activation; in other words their activation waveforms did not, in general, co-vary in time. This 

might look like a trivial result given the small number of muscles considered and in view of 

antagonist nature of the two muscles during elbow rotations. However, following the generic 

definition of a muscle synergy as a group of muscles working together to achieve a common goal, it 

may appear surprising to find that the two main muscles controlling the task performance are not 

synergistic. However, the definition of synergies can be restated as groups of muscles acting at one 

or multiple joints to achieve a specific motor function (in our case the motor function could be 

simply flexing or extending the arm; in other terms, accelerate or decelerate the arm). From this 

point of view, our interpretation is in agreement with other previous studies considering more 

complex movements and a larger number of muscles. Similarly to us, for instance, the synergies  
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Figure 8: Average level of similarity between groups of synergies identified from the EMG 

data of the 8 subjects that participated to the experiment. A. Similarity between groups of 

temporal synergies. B. Similarity between groups of time-varying synergies. The average level of 

similarity between synchronous synergies is not shown as the identified set of synchronous 

synergies was the same across all subjects. 

extracted by Cheung and colleagues (2009) from the EMG activations of sixteen elbow and 

shoulder muscles of subjects performing a set of arm movements in space can be easily split in two 

groups: one encompassing synergies in which the most active muscles are flexor and another one in 

which extensor muscles are instead dominating (see Cheung et al. 2009, their Figure 3A). Also in 

this case, therefore, the goal associated with each synergy was to flex or extend the arm. By 

extension, this may suggest that muscles belonging to the same synchronous synergy share 

similarities with respect to their biomechanical function for the movement to be performed. 

Synchronous synergies were shown however encoding also other kinds of functional goals, or 

―strategies‖. Torres-Oviedo and Ting (2007) extracted synchronous synergies from a set of leg and 

trunk muscles during a postural task and found synergies characterized mainly by activation of 

either ankle or knee muscle. These synergies resulted therefore in producing muscle activation 

patterns associated with two well-known postural strategies, usually referred to as ―hip‖ and ―ankle‖ 

strategies, which were previously deeply described in human postural control (Horak and 

Macpherson, 1996). 

When extracting temporal muscle components the application of NMF provided a 

decomposition based on three temporal synergies. Each one of them was found playing a well-

determined functional role during movement accomplishment, in agreement with the three 

movement phases present in the classical triphasic pattern (see Berardelli et al., 1996,  for a review 
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relative to elbow and wrist movements). The three phases can be resumed as follows: a first phase 

(coinciding with the first agonist EMG burst) to provide the impulsive force to initiate the 

movement, a second phase (antagonist burst) dedicated to halt the movement at the desired end-

point and a third phase (coinciding with the second agonist burst) to dampen out the oscillations 

which might occur at the end of the movement. Although in a single-joint motor task such a 

triphasic strategy may look like a useless increase of complexity due to the fact that the number of 

synergies is higher than the number of muscles  to control, its strength  lies likely in its flexibility 

and power of generalization. Indeed, similar muscle organizations were found characterizing also 

arm raising (Friedli et al., 1984), rapid voluntary body sway (Hayashi 1998) and whole-body 

reaching (Chiovetto et al., 2010, 2012) motor tasks. Along with the need of reducing movement 

complexity by reducing the number of degrees of freedom (number of muscles), the 

decomposition of EMG activations based on the definition of temporal synergies showed that at 

some extent even the temporal dimension of the movement is a source of complexity that could be 

controlled and simplified by the CNS. These findings also pose the question of the neural 

implementation of this kind of temporal synergies. For single-joint rotations, Irlbacher et al. 

(2006) showed that the bursts composing the triphasic pattern were triggered in cascade with the 

possibility for the second burst to depend partly on what occurred during the first burst and not as 

a complete undividable sequence. This is compatible with the extraction of three temporal 

synergies to account for the control of elbow rotations across several conditions. However, this 

asks the question whether there are indeed three 'spinal' temporal patterns recruited by different 

premotor drives or if the same temporal pattern is recruited by a delayed sequence of premotor 

drives. Interestingly, this idea of time shifts is present in the time-varying model of muscle 

synergies, which might have solved this issue. 

We found that two time-varying muscle synergies could account quite well for the EMG 

activity associated with elbow movements. Each synergy was characterized by two main bursts of 

activation for both the biceps and triceps, whereas the time of occurrence of their peaks was 

inverted in the two synergies. While the burst of the biceps in the first synergy of Figure 6A occurs 

for first and may be thought to contribute therefore to start elbow flexion and the burst of the triceps 

to brake it, in the second synergies to role of the two muscles is inverted and the synergy is 

consistent with the pattern associated with an elbow extension. The two synergies seem therefore to 

intrinsically encode the direction of motion, or in other words, the motor task, and therefore may 

allow a hierarchical control of movements, in which task goals are only needed to be specified to 

generate complete muscle patterns.  This finding is coherent with the results presented in previous 

investigations regarding arm movements (d‘Avella et al. 2006, 2008, 2011) in which, even when a 

larger number of muscles was taken into account in the analysis, time-varying synergies where 

found to be directionally tuned, so that they resulted active only when the movements occurred in 

well-determined directions. We also stress the subtle difference between the interpretation of time-

varying synergies and synchronous synergies: with the first time-varying synergy only flexions can 

be performed (maybe varying its speed or amplitude depending the way it is recruited). In contrast, 

the first synchronous synergy can be used for both flexion (to accelerate) and extensions (to 

decelerate), showing that both representations encode divergent aspects of the movements data set. 

 The use of very simple motor tasks characterized by well-known triphasic pattern allows us to 

evaluate some pros and cons of each of the decompositions used in this study. Previous works 

demonstrated that, in a triphasic pattern, the time of activation of the antagonist muscle is controlled 

independently by the cerebellum (Manto et al., 1995). Other studies (Cheron and Godaum, 1986) 

also reported that the timing of the antagonist burst onset increases with the movement amplitude, 

whereas the one of the agonist does not. Our results showed that neither the temporal synergistic 

decomposition nor the time-varying one can capture such timing features. In the first case, indeed, 

each one of the three bumps of Figure 4 is invariant in time and cannot be shifted temporally. This 
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makes impossible to model the inter-trial variability of the onset of the antagonist muscle. Rather, 

each bump represents the average temporal evolution of the corresponding bursts across all trials. In 

the second case, differently, in each of the time-varying synergies that we identified from the 

experimental data set, the time lag between the activation of the two antagonist muscles is constant. 

This prevents the possibility, when reconstructing the data, to vary from trial to trial the time 

interval between the activations of the agonist and antagonist muscles, as observed in human 

subjects. Different considerations can instead be made for the results associated with the 

synchronous decomposition. As each synergy that was identified from the data is responsible for the 

recruitment of one single muscle indeed, the activation profile of each muscle can be set arbitrarily 

and independently for each trial. This allows therefore not only to model independently the times of 

activation of each burst in each trial, but also their amplitudes, in agreement with other 

experimental observations. Hannaford and colleagues (1985) demonstrated indeed that the first 

agonist burst is not modified by the vibration of the agonist muscle. In contrast the amplitude of the 

second agonist burst is increased and the vibration of the antagonist muscle increases the amplitude 

of the antagonist burst. Similarly to the synchronous one, even the temporal decomposition is 

suitable to capture such features of the amplitudes in the reconstructed data, as it allows the separate 

scaling of each one of the three identified bumps. The time-varying decomposition, on the contrary, 

introduces instead by construction a correlation between the amplitudes of the different muscles. 

It was demonstrated that discrete movements regulated by a triphasic pattern may present an 

oscillatory component in the neural command (see for instance Cheron & Godaux, 1986). Very 

recently, it was also shown by the analysis of the dynamical structure of reaching movement that 

non-periodic movement such as the one presented here contains a strong rhythmic structure 

(Churchland et al, 2012). In this study the authors proved that, although EMG responses do not 

themselves exhibit state-space rotations, EMG can however be constructed from underlying 

rhythmic components. It makes thus sense to wonder which one of the decomposition methods that 

we investigated can be more useful or complementary for the understanding of the oscillatory 

nature of the control of movement. Each model might indeed provide a set of synergies revealing 

specific oscillatory features underlying the EMGs. In this framework, synchronous components 

cannot be of help, as they carry spatial and not temporal information. Interesting results might 

instead be provided by drawing the phase plots associated with each temporal component or with 

the activity of each muscle trace in a time-varying synergy. In case the plots presented evident 

rotations indeed, the hypothesis put forward by Cheron and Godaux and later by Churchland and 

colleagues would be strengthened. In the contrary case, however, the results obtained by these 

authors would not be discredited, as the absence of rhythmic features in the components might 

instead be due to the incapability of the synergy models to account for such features correctly. 

  

  We have in this discussion tried to provide evidence that the simple results that we found for 

the simple movement and system considered in this study might very likely hold also for more 

complex behaviours involving the action of large number of muscles. We think therefore that, in 

general, each kind of muscle synergy may encode a different motor feature. Specifically, temporal 

components encode different temporal phases of the movement, each one playing a specific 

functional role.  Synchronous synergies encode the simultaneous and coordinated actions of specific 

groups of muscles aiming to achieve a specific motor function (e.g. accelerate the body toward the 

target). Finally, time-varying synergies encode high-level task-related functions (in this case the 

direction of motion). This suggests that the type of factorization to be chosen in each condition 

depends on which of these aspects the study intents to reveal. Note however that each type of 

synergies may not always characterize uniquely only one single motor feature, mainly because two 

or more variables may be correlated. Thus, for instance, the direction of motion can be inferred also 

from the amplitude of the scaling coefficients relative to temporal components (Figure 4B) once the 



128 

 

action exerted by the muscles in known, or the triphasic temporal organization can be also reflected 

in the temporal evolution of the scaling coefficients in Figure 5B. 

  We conclude by stressing that a unifying synergy extraction method capturing all those 

aspects at once could simplify the interpretation of future works. If all these representations of 

synergies are simultaneously valid, then a more general model on the top of them should exist. Used 

systematically, such a model could allow better comparisons and interpretations of muscle synergy 

studies in more complex motor tasks.  
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1.2.3 Kinematics of the coordination of pointing during locomotion
7
  

Abstract 
In natural motor behaviour, often arm movements, such as pointing or reaching, need to be 

coordinated with locomotion. The underlying coordination patterns are largely unexplored, and 

require the integration of both periodic and non-periodic movement primitives. For the systematic 

and controlled study of such coordination patterns we have developed a paradigm that combines 

locomotion on a treadmill with time-controlled pointing to targets in the three-dimensional space, 

exploiting a virtual reality setup. Participants had to perform a stationary walking pattern on a 

treadmill.  Synchronized with specific foot events, visual target stimuli were presented that 

appeared at nt spatial locations in front of them. Participants were asked to reach these stimuli 

within a short time interval after a ―go‖ signal.  We analysed the variability associated with the most 

relevant joint angles, as well as the time coupling between the time of pointing and different critical 

events in the foot movements. In addition, we applied a new technique for the extraction of 

movement primitives from kinematic data based on unsupervised learning. We found a systematic 

variation of the walking pattern as consequence of the arm movement, as well as a modulation of 

the arm movement in dependence of specific foot events before the start of the reaching movement. 

The extraction of kinematic movement primitives exploiting a new algorithm revealed the existence 

of two main distinct components accounting, respectively, for the periodic and non-periodic 

temporal components of the joint angle trajectories. Summarizing, our study revealed mutual 

coordination between the control of reaching and walking, where a part of the observed interaction 

might be caused by biomechanical factors and the need to maintain dynamical stability during 

walking. 

 

 

Introduction 
In everyday life people accomplish many different motor behaviours that require the 

coordination of simultaneous periodic and discrete sub-movements. An example is reaching or 

pointing during walking. Although many scientific studies have focused on investigating separately 

these two motor tasks, surprisingly little research has addressed their interaction and the underlying 

coordination patterns. We are only aware of a few studies addressing related issues: Georgopoulos 

and Grillner [1] proposed that prehension and locomotion might share the same control 

mechanisms. The authors speculated that grasping may have an evolutionary origin, and that it may 

have evolved from the same neural substrates underling locomotion. Other studies  [2, 3] focused 

on the behavioural aspects of the execution of prehension while walking, and found that subjects 

tended to exhibit an ipsilateral coupling between the grasping hand and the corresponding foot, 

potentially to ensure biomechanical stability (different from the usual contralateral extension of 

upper and lower limbs that is observed during human walking). Other research  [4, 5, 6, 7, 8] 

focused instead on the effects caused by changes of the features characterizing the reaching (such as 

the shape or the position of the object to grasp) on locomotion, showing that almost always subjects 

had to adjust their gait to meet the demands of the reaching task. Although all these works provided 

interesting behavioural findings, they left many questions unanswered, and so far no comprehensive 

kinematic study has been presented that describes such coordination patterns between locomotion 

and arm reaching in a highly controlled manner. To fill this gap we have developed a paradigm that 

combines locomotion on a treadmill with controlled pointing to targets in the three-dimensional 
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space, exploiting an experimental setup that combines online motion capture and stereoscopic target 

presentation in Virtual Reality. Participants had to perform a stationary walking pattern on a 

treadmill.  Synchronized with the strike or lift of either the left or right foot, visual target stimuli 

were presented that appeared at five different spatial locations in front of them. Participants were 

asked to reach these stimuli within a short time interval after a ―go‖ signal.  By specifying different 

goal positions, and timings of their appearance, we required the participants to realize different 

types of coordinative couplings between the arm and the leg movements, at the same time motion-

capturing the body and arm movements. We analysed the variability associated with the most 

relevant joint angles, as well as the time coupling between the time of pointing and the different 

foot events. In addition, we applied a new technique for the extraction of movement primitives from 

kinematic data that is based on unsupervised learning (anechoic demixing). We hypothesized a 

modular organization for the simultaneous accomplishment of walking and reaching, relying on two 

distinct main kinematic components that account for the periodic and the non-periodic features of 

the movements. We also hypothesized a mutual interaction between locomotion and reaching, 

according to which each task can be at some extent modulated by the other one. Our results fully 

confirmed our predictions. They revealed, in addition, that a part of the mutual interaction between 

reaching and walking might be caused by biomechanical factors. 

 

Methods 

Subjects 

Ten healthy right-handed subjects (8 males, 2 female, ages 24 ± 5 years, mass 69 ± 9 kg, 

height 1.75 ± 0.08 m) participated to the experiment. All of them were in good health condition and 

had no previous history of neuromuscular disease. The experiment conformed to the declaration of 

Helsinki and informed consent was obtained from all the participants according to the protocol of 

the local ethical committee. 

 

Apparatus 

The experimental apparatus consisted of a motion capture system, a virtual reality projection 

system and a treadmill (figure 1).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1:  Experimental setup for the study of the coordination of reaching and walking 

movements. The setup combines motion capture on a treadmill with a virtual reality setup that 

presents target objects with precise spatio-temporal relationship to the actual step phase and 
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position of the participants. The four projectors (two for each half the spherical screen), allow to 

display virtual objects (spheres, indicated in red) in the three-dimensional space in front of the 

subject, while walking at constant pace on the treadmill. Forty-two reflective markers are attached 

to the subject and their spatial positions are recorded by the infrared Vicon cameras. The Vicon 

workstation communicates with the controller of the virtual reality system through TCP/IP 

Online motion capture was performed using a Vicon (Oxford, UK) optoelectronic 

movement recording system with 10 infrared cameras, which recorded the three-dimensional 

positions of spherical reflective markers (2.5 cm diameter) with spatial error below 1.5 mm. The 

markers were attached with double-sided adhesive tape to tight clothing, worn by the participants. 

Marker placement was defined by the Vicon‘s PlugInGait marker set. Commercial Vicon software 

was used to reconstruct and label the markers, and to interpolate short missing parts of the 

trajectories. Sampling rate was set at 120 Hz.  The virtual reality system consisted of 2 pairs of 3D 

stereo projectors (NEC NP1150, modified for stereographic projection by Infitec, Ulm, Germany), 

each one projecting on one half (either the left or the right one) of a big circular screen located in 

front of the treadmill. The motion capture and projection system were controlled by two 

workstations which were interconnected via a TCP/IP network. This made it possible to control the 

online generation of 3D stimuli by the actual motion capture data that was processed in real time.  

The setup allowed appearance of the visual stimulus in synchronization with specific foot events 

(foot strike and lift-off of either the right or left foot), which were determined online by detecting 

sign changes of the velocity of the low pass-filtered foot trajectory. Custom-made software was 

used to integrate the VR and the Vicon system, and to correct the stereoscopic projection errors 

introduced by the spherical screen. 

 

Experimental protocol 

Participants were asked to perform a stationary walking pattern on the treadmill. 

Synchronized with the foot strike or lift-off of either the left or right foot (RS = Strike of the Right 

foot, RL = Lift-off of the Right foot, LS = Strike of the Left foot, LL = Lift-off of the Left foot), 

visual target stimuli were presented that appeared at five different spatial locations in front of 

them.  Each stimulus consisted of a virtual ball of 20 cm of diameter. The five targets were located 

respectively at the vertices and at the centre of an imaginary square lying on a vertical plane 

parallel to the subjects‘ coronal plane. The distance of the vertical plane from the subject 

corresponded at 115% of the subject‘s arm length. Before the start of the recordings, the whole 

peripersonal space of the subject had first to be calibrated by learning of a nonlinear function that 

compensated for nonlinear distortions introduced by the geometrical projection errors inaccuracies 

of the 3D projection system and the semicircular screen. For each subject, the two vertices of the 

top horizontal side of the square were calibrated in the following way: the subject was presented 

with two virtual balls, located at two different horizontally displaced reachable positions on the 

virtual plane. If the participant was still able to reach this position the virtual balls were located 

further upwards, left or right, in steps of 5 cm, until the participant almost could not reach them 

anymore. The distance of the balls from the subject‘s coronal plane remained constant during the 

procedure, and balls remained in the same vertical planes. The other two vertices and the centre of 

the square were easily determined once the top side had been determined.  While continuously 

walking at a fixed speed (0.8 m/s) the virtual target appeared in one of the five possible positions, 

triggered by one of the four foot events, which were detected in real time. After the trigger event 

the colour of the target ball turned red and the motion recoding started.  After one single gait cycle, 

at the occurrence of the same foot event, the target turned yellow in order to notify the subject to 

get ready for the reaching. After the next gait cycle the target turned green, and the participant had 

(only at that time, not before) to reach the virtual ball within a short time interval (duration 0.6 s). 

The choice of the duration of this time interval was based on neurophysiological and mechanical 

considerations: this duration is roughly above the minimum time that is required to process the 

visual sensory information (colour change), to allow movement planning, to send the appropriate 
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motor command to the muscles, and to finally allow the musculoskeletal system to drive the hand 

toward the goal (the duration of arm reaching movements are reported, for example, in [9, 10, 11]. 

The recording stopped three gait cycles after that the target had turned green. If the target had not 

been reached within this maximum trial duration the trial was repeated, while otherwise another 

trial followed. During trials the motion capture system tracked in real-time the position of the right 

hand, with which all subjects were required to accomplish the pointing. If at the time of the ―go‖ 

signal the hand was too close to the virtual target (<30 cm) the trial was discarded and repeated. If, 

conversely, the pointing was valid and the target was achieved within 0.6s after the occurrence of 

―go‖ signal the virtual ball exploded in order to give the participant feedback about the successful 

pointing. Five successful trials were collected for each of the 20 different experimental conditions 

(4 foot events by 5 target locations), resulting in a total of 100 trials per subject. The order of the 

foot events and the target position during each trial was chosen randomly. During each trial the 

system allowed to store a set of parameters into a log file.  Among the most important ones there 

were the type of foot event triggering the ―go‖ signal in that trial, the coordinates defining the 

spatial position of the virtual target displayed in that trial, the time at which the motion capture 

system detected the foot event, and the time at which the target was reached (i.e. the time at which 

the hand had a distance from the centre of the virtual ball that was smaller than 5 cm). The walking 

velocity was chosen based on previous experience in pilot experiments, where participants 

reported this speed as a comfortable pace for walking. Before starting the data collection, 

participants were requested to walk freely for several minutes on the treadmill in order to 

familiarize them with the walking situation. All participants reported at the end that during the 

walk they felt as comfortable as during a natural walking. 

 

Data analysis 

Kinematic data were analysed off-line with customized software written in Matlab 

(Mathworks, MA). We focused the analysis on a time window that was two gait cycles long. After 

manual interpolation of missing marker trajectories via commercial Vicon software, only the time 

intervals of the trajectories from the foot lift-off triggering the ―go‖ signal, or preceding the 

triggering foot strike, and the next two gait cycles were considered. One gait cycle was defined as 

the time between two successive foot lift-offs.  The two gait cycles were always defined with 

respect to the movement of the foot causing the ―go‖ signal. For each trial we computed several 

parameters. The mean walking velocity was defined as the average, over time, of the difference 

between the velocity at which the treadmill was operating and the velocity along the walking 

direction of the reflective marker applied on the subject‘s right iliac crest. For each gait cycle we 

computed also its duration and the duration of the stance phase (i.e. the time interval between a foot 

strike and the successive lift-off event of the same foot), as percentage of the whole gait cycle 

duration. To define the duration of reaching we considered the temporal evolution of the spatial 

distance of the marker stuck on the dorsum of the subject‘s right hand (between the most distal ends 

of the third and fourth metacarpal bones) from the origin of the world frame of reference, 

coinciding with the centre of the horizontal surface of the treadmill. Such a distance was always 

characterized by an oscillatory trend and it was always highest (in absolute value) at the time at 

which the target was reached. Once such a peak was detected the duration of reaching was defined 

as the temporal interval between the times at which the preceding and following relative peaks of 

distance with respect to the largest one occurred. Reach duration was also expressed as percentage 

of the average gait cycle duration (computed over the two gait cycles within each trial). We also 

computed the peak velocity of the hand. Joint angles were computed by approximating the marker 

positions with a hierarchical kinematic body model (skeleton) with 17 joints (head, neck, spine, and 

right and left clavicle, shoulder, elbow, wrist, hip, knee and ankle). Coordinate systems were 

attached to each rigid segment of this skeleton. The rotations between adjacent coordinate systems 

along this skeleton were characterized by Euler angles, the pelvis coordinate system serving as the 

origin of the kinematic chain. At the end, all trajectories of the markers and the computed joint 
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angles were resampled with 350 time points and smoothed by spline interpolation. For each 

participant and trial we computed the time intervals between the ―go‖ signal and time of pointing, 

as well as the time intervals between the time of pointing and the next four foot step events. To 

minimize estimation errors, we determined these time intervals in an off-line analysis, by 

determining the points of maximum hand distance from the origin, taking the whole trajectory into 

account. Also the times of strike and lift-off of the feet were determined offline by inspection of the 

trajectories of the heel and toe markers.  

We computed the variability (standard deviation) of the time of occurrence of the peaks of 

amplitude for the most relevant joint angles (specifically those relative to right and left knee and the 

right shoulder flexion and extension). These angles were the most representative ones for the two 

main sub-tasks to be accomplished, walking and pointing.  

  

Dimensionality reduction analysis 

We applied a new algorithm for the extraction of invariant temporal components from the 

data sets that were obtained by combining the flexion-angle trajectories of hips, knees and shoulders 

from all the trials, accomplished by each individual participant and including all target positions. 

The new technique exploits the fact that the relevant trajectories are always smooth and can be 

approximated well by anechoic mixtures  [12, 13].  Exploiting the smoothness and introducing an 

appropriate prior for the recovered source functions results in a more efficient and stable demixing 

algorithm than general anechoic demixing methods [14]. The core of the method results in an EM-

like optimization of the parameters of the following general anechoic mixing model 
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were )(txi  and )(ts j  indicate respectively the values of the i-th joint angle and of the j-th temporal 

component (source) )(ts j  at the time instant t. The term anechoic is derived from acoustics, where 

usually equation (1) is used to describe an acoustic signal as the results of the superposition of 

multiple and delayed sources of sound in a room without acoustic reflexions. In the following, we 

will refer to this method as Fourier-based Anechoic Demixing Algorithm, (FADA). Taking into 

account that the signals are band-limited the temporal signals )(txi  and )(ts j  can be approximated 

by their Fourier expansions: 
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the first member indicates the i-th signal , while at the second member it indicates the imaginary 

unit. Exploiting the assumed smoothness of the signals, we can approximate the signals by the 

truncated Fourier series 
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M being a positive integer. The maximum value of the integer M is fixed by the Shannon‘s 

theorem according to the limit frequency of the signal )(txi . Substituting (4) and (5) in (1), and 

assuming uncorrelatedness of the sources )(ts j , the computation of the both sides of equation (1) 

results in  
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where N is the number of sources and sN  the number of signals ix  or, in other words, the number 

of rows of the data matrix X = [x(1) … x(T)]. Since the signals are real the Fourier coefficients 

equations (4) and (5) must fulfill kk cc  * and kk  *, i .  The operator * indicates the 

conjugate of a complex number. For this reason it is sufficient to solve the demixing problem by 

considering only the coefficients with index 0k . As a consequence of equality (1) also the 

following equations hold: 
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The previous considerations motivate the following iterative algorithm for the identification 

of the unknown parameters in model (1). After random initialization of the estimated parameters, 

the following steps are carried out periodically until convergence: 

1) Compute the absolute values of the coefficients ikc  and solve the following equation: 
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In our implementation we exploit non-negative ICA  [15] to solve this equation. 

2) Initialize 0jk and iterate the following steps: 

i) Update the phases of the Fourier coefficients of the sources by solving the following 

non-linear least square problem 
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ii) Exploiting the knowledge of the sources )(ts j  identify the weights ij and delays ij  

by optimizing the cost function: 
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 Optimization can be carried out following [16], assuming uncorrelatedness for the sources 

and independence of the time delays.  

 

The algorithm presented above was inspired by previous work carried out by [13, 14]. Like 

this previous algorithm, FADA assumes independence of the sources. Opposed to ICA the anechoic 

mixing model allows for time shifts of the sources. Compared to the old algorithm FADA has much 

less free parameters that need to be estimated, which makes the algorithm much faster and more 

robust, and much less prone to get stuck in local minima.  

The FADA requires to define the number of sources a priori.  To compare different models 

we characterized the approximation quality of mixture model by computing the percentage of 

variance accounted for (VAF) as a function of the number N of components. The VAF is defined as  
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where X is the matrix of the recorded trajectories, Xrec is the matrix of the reconstructed data 

obtained using a certain number of primitives. A simple criterion to determine the relevant number 

of primitives is determine the point where the cumulative VAF levels of and saturates (‗scree test‘).  

In our study we varied the number N of temporal components between 1 and 5. The exact point of 

change of slope was quantitatively determined by using a linear regression procedure  [17, 18, 10, 

19, 20]. We computed a series of linear regressions, starting from a regression on the entire 

cumulative VAF curve and progressively removing the smallest value of the number of components 

from the regression interval. We then computed the mean square residual error of the different 

regressions and selected the number as optimal for which the corresponding error was smaller than 

10-3.  For cross-validation purposes, we also extracted N = 1…5 source components from 80% of 

the total trials. We then used the components extracted from the training set to reconstruct the 

trajectories of the remaining trials (test data set) and computed the corresponding VAF. To avoid 

convergence to local minima, we always ran the algorithm 25 different times on the same data set 

and considered only the solutions that provided the lowest reconstruction errors between original 

and reconstructed data. To assess the improvements provided by considering time shifts in the 

generative model underlying FADA with respect to the performance obtained with standard 

dimensionality reduction techniques that are based on instantaneous mixing models, also principal 

component analysis (PCA, see [21]) was applied to the data. Because of the large differences of 

magnitude between angular displacements of the upper and the lower-body joints, PCA based on 

the correlation matrix rather than based on the covariance matrix was performed.  

Control experiments and assessment of the intrinsic system delays 

A first control experiment (3 subjects, which did not took part in the main experiment, 3 

males, ages 24 ± 3 years, mass 67 ± 8 kg, height 1.74 ± 0.05 m) was carried to test whether the 

periods in which the target turned yellow might have had an influence on the result by providing a 

signal that participants could have used to show predictive behaviour. To preclude such possibility 

to predict the target ball remained red even during the step cycle preceding the ―go‖ signal.  

A second control experiment (3 subjects, which did not took part in the main experiment, 3 

males, ages 25 ± 4 years, mass 65 ± 9 kg, height 1.69 ± 0.04 m) was carried to test whether the 

temporal relationships between the first four foot step events following the ―go‖ signal and the time 

of reaching the target was dependent on walking speed. The conditions were as in the first control 

experiment (no yellow phase anticipating the ―go‖ signal) and walking speed was, in two separate 
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experimental sessions, either 0.6 m/s or 1.00 m/s (corresponding to 75% and 125% of the walking 

velocity in the main experiment).  In this control experiment only two triggering events were 

considered instead of four, the lift and the strike of only the right foot (RL and RS).  

In the Virtual Reality setup an intrinsic time delay between event detection and stimulus 

presentation cannot be avoided. Once the foot event occurs, the system requires some time to detect 

the event, process the information and send back a signal to the VR system to change the colour of 

the virtual target. It was thus important to estimate the magnitude of such a loop delay. For this 

purpose, we computed for all the trials of each participant the difference between the time of the 

change of sign of the foot velocity (determined offline by visual inspection of the time course of the 

velocity) and the time of occurrence of the ―go‖ signal stored in the log files. The average value of 

these time differences was then taken as an estimate of the delay introduced by the system loop. 

 

Statistical analysis 

Statistical effects were tested by performing 4x5 (4 foot events and 5 target locations) 

multivariate analyses of variance (ANOVA), where appropriate. Post-hoc analyses were carried out 

by using a multiple comparison method (with Tukey–Kramer correction). Student‘s t-test was used 

to test whether the relative time delays between time of pointing and a foot event was significantly 

different from 0. The level of significance at which the null hypotheses were rejected in the study 

was set at 1%. A chi-square goodness-of-fit test was used to test the normality of the delay 

distributions.  

 

Results  

 
General kinematics 

All participants were able to accomplish 100 successful reaching movements (5 ball positions x 4 

foot events x 5 movements per position). However the task requirements made the task quite 

difficult to accomplish. Participants had to perform, on average, 151 ± 23 movements in total, 

including the trials that were discarded. We computed the average values of several kinematic 

parameters in order to characterize the walking and reaching patterns for the individual participants 

(Table 1). Although the treadmill was operating at a constant velocity of 0.8 m/s (2.88 km/h) the 

mean walking velocities in Table 1 were typically smaller, with a few exceptions. This indicates 

that, within the two gait cycles taken into consideration, the subjects tended to shift slightly 

backwards with respect to the direction of walking. This might be a consequence of a reduction of 

walking speed that was necessary as preparation of the arm movement. An ANOVA revealed a 

significant dependence of the mean cycle duration on both target location (p<0.001) and triggering 

event (p<0.001). Interestingly, the post-hoc analysis showed that the mean gait cycle durations that 

were associated with the events triggered by the right foot (RL = 1.19 ± 0.23 s, RS= 1.20 ± 0.23 s) 

were always significantly smaller than the ones associated with events triggered by the left foot (LL 

= 1.32 ± 0.23 s, LS= 1.30 ± 0.23 s).  

 The mean stance phase duration was, however, neither dependent on the target position (p = 

0.37) nor on the triggering event (p = 0.62). The mean reaching duration was found to be 

significantly modulated by both target location (p << 0.001) and foot event (p << 0.001). The 

durations were higher for the two highest target positions. Similarly, the hand peak velocity 

depended on both target location (p << 0.001) and foot event (p < 0.01). As for the mean reaching 

duration, the mean hand peak velocities associated with the two highest target positions were 

significantly higher than those of the other locations. No statistically significant interactions were 

found between target locations and triggering events, with the only exception of an effect on the 

mean stance duration (p < 0.01). 

Figure 2 shows the reconstructed the time courses of six flexion-angles (of both shoulders, 

hips and knees) from the trials of one typical subject, reaching to the most upward and most 
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leftward target location.  Note that we decided to display the angles associated with such a position 

because subjects reported that that one was the most extreme and most difficult location to reach. 

That is it was the most demanding one.  

Each column of the figure displays the temporal evolution of the angles from trials in which 

the ―go‖ signal was triggered by one specific foot event. All angles show a stereotypical time 

course. Within trials associated with the same triggering event the flexion-angles of the right 

shoulder were always characterized by a discrete, almost bell-shaped angular profile (average peak-

to-peak rotation was 1.69 ± 0.45 rad).   The angles of the left shoulder, at the contrary, were 

characterized by much smaller rotations (average peak-to-peak rotation 0.23 ± 0.09 rad). It is 

interesting to note that the angles of the left shoulder were always positively correlated with the 

ones of the right shoulder, even if the bell shape of the left shoulder angles were much less marked.  

 

 

Figure 2: Time course of the main flexion joint angles. Each trace is associated with a single 

experimental trial. In the two columns the results relative to the right foot events (strike and lift-off) 

are reported. The vertical dashed lines indicate the time at which the ―go‖ signal occurred. 

Abbreviations at the top of the panels indicate the triggering event (RL = Lift of the Right foot, RS 

= Strike of the Right foot, LL = Lift of the left foot, LS = Strike of the Left foot). 

 

The angles of the hips presented an oscillatory trend, and the ones of the left hips were 

negatively correlated with those of the right hip. The flexion angles of the knees were instead 

characterized by very similar temporal profiles and differed only by a temporal shift.  Clearly, the 

average times of occurrence of the peaks of the right shoulder and, at a lower extent, also those of 

the left shoulder angles were modulated by the time of occurrence of the ―go‖ signal. Although the 

temporal evolutions were quite stereotypical across subjects and trials, some variability was 

noticeable. The most pronounced peaks (figure 2) were those characterizing the evolution of the 

right shoulder angles as well as of the angles of the right and left knees.  We computed the standard 

deviations, across all the participants, of the times at which these peaks occurred (figure 3), 

separately for each position of the virtual ball. The most variable peak was, in all conditions, the 

one of the right shoulder. The least variability was associated with the first peak of the knees that 
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occurred within the two gait cycles taken into consideration. Higher variability was associated with 

the subsequent peaks of the angles of both right and left knees. This trend was found in all tested 

experimental conditions (i.e. for trials with different phase relationships between foot contact events 

and the ―go‖ signal, and for different goal positions). The high standard deviation values for the 

knee peaks shown in figure 3 suggest a modification of the gait pattern by the pointing movement 

of the arm. Time intervals between the occurrence of the ―go‖ signal and actual time of target  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3:  Variability of the joint angle. Standard deviation values of the time of occurrence of 

the peaks of the right shoulder and the four peaks of the knee angles. Abbreviations at the top of 

each panel refer to the experimental conditions / foot events as in figure 2. 

 

contact were computed for all trials. The analysis of variance of these time intervals revealed that 

there was a significant dependence of the time intervals on the foot event that triggered the ―go‖ 

signal    (p < 10e-11). A post hoc analysis revealed that the shortest average time of reaching was 

that relative to LL (0.44 ± 0.13 s) and the longest the one relative to RL (0.52 ± 0.13 s). Only the 

reaching times of RS (0.49 ± 0.12 s) and LS (0.47 ± 0.13 s) were found to be not significantly 

different. 

For each trial the intervals between the time of reaching and the time of occurrence of following 

four foot events were computed. The average values of these time intervals are shown if figure 4. 

The means were computed across the trials in which the ―go‖ signal was triggered with kinematic 

events of both the right and left foot.  The figure shows that the time of the reaching was always 

approximately synchronized with the time of the second foot event following the ―go‖ signal. 
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Statistical analysis revealed that the average time interval between the time of target achievement 

and the second foot event following the pointing was significantly different from 0 for both the 

triggering events of the right foot (p = 0.4 for RL and p = 0.43 for RS) and for the lift of the left foot 

(LL, p = 0.077), indicating perfect synchronization of the two events in two out of four 

experimental conditions.  The same behavioural trend was observed when within-subject analysis 

was carried out, confirming the synchronization of the reaching time with the second foot step event 

following the ―go‖ signal. 

 

    Mean walking 

vel. (Km/h) 

Mean gait 

cycle duration 

(s) 

Mean stance 

phase 

duration                        

(% cycle) 

Mean 

reaching 

duration                    

(% cycle) 

Hand peak vel. 

(Km/h) 

                 P1 RL 2.77 ± 0.18 1.16 ± 0.20 0.57 ± 0.24 1.05 ± 0.38 13.61 ± 3.84 

 

RS 2.83 ± 0.13 1.20 ± 0.14 0.57 ± 0.20 1.11 ± 0.32 13.78 ± 2.32 

 

LL 2.83 ± 0.12 1.28 ± 0.19 0.58 ± 0.19 1.02 ± 0.32 12.76 ± 2.96 

 

LS 2.86 ± 0.11 1.26 ± 0.21 0.60 ± 0.07 1.14 ± 0.29 13.61 ± 4.79 

                 P2 RL 2.85 ± 0.11 1.19 ± 0.13 0.61 ± 0.15 1.03 ± 0.28 13.89 ± 3.00 

 

RS 2.88 ± 0.14 1.18 ± 0.16 0.62 ± 0.04 1.14 ± 0.36 13.30 ± 2.75 

 

LL 2.84 ± 0.13 1.32 ± 0.15 0.58 ± 0.20 0.96 ± 0.27 12.58 ± 2.83 

 

LS 2.87 ± 0.12 1.28 ± 0.14 0.57 ± 0.18 1.12 ± 0.27 13.83 ± 2.62 

                 P3 RL 2.83 ± 0.10 1.25 ± 0.13 0.61 ± 0.11 0.85 ± 0.21 10.15 ± 2.59 

 

RS 2.87 ± 0.11 1.23 ± 0.13 0.59 ± 0.18 0.89 ± 0.27 10.15 ± 2.75 

 

LL 2.84 ± 0.10 1.38 ± 0.14 0.63 ± 0.04 0.75 ± 0.19 9.66 ± 2.94 

 

LS 2.89 ± 0.09 1.33 ± 0.14 0.57 ± 0.17 0.92 ± 0.26 10.02 ± 3.10 

                 P4 RL 2.79 ± 0.11 1.15 ± 0.20 0.59 ± 0.18 0.83 ± 0.37 9.31 ± 2.65 

 

RS 2.79 ± 0.13 1.16 ± 0.14 0.58 ± 0.20 0.90 ± 0.35 8.47 ± 2.46 

 

LL 2.81 ± 0.11 1.30 ± 0.16 0.63 ± 0.15 0.74 ± 0.23 8.01 ± 2.82 

 

LS 2.86 ± 0.11 1.33 ± 0.18 0.60 ± 0.14 0.82 ± 0.27 8.97 ± 2.79 

                 P5 RL 2.81 ± 0.12 1.22 ± 0.15 0.61 ± 0.16 0.88 ± 0.22 9.16 ± 2.34 

 

RS 2.87 ± 0.14 1.24 ± 0.14 0.59 ± 0.15 0.94 ± 0.26 7.55 ± 2.23 

 

LL 2.82 ± 0.13 1.31 ± 0.22 0.55 ± 0.27 0.80 ± 0.31 8.51 ± 3.48 

 

LS 2.83 ± 0.12 1.29 ± 0.14 0.58 ± 0.13 0.84 ± 0.26 8.81 ± 2.97 

                                  

 
Table 1: General kinematic parameters (mean ± SD). For each target location and foot triggering 

event the mean values and corresponding standard deviations of walking velocity, gait cycle, stance 

phase and reaching durations along with the mean hand peak velocity are reported.   

 

Taken together, the results reported above represent new and interesting findings about the 

interaction between reaching and walking. Although a modification of the walking pattern by the 

arm movement was expected due to the necessity to maintain balance during walking in presence of 

large-scale arm movements, it was found that also the voluntary part of the motor task was 

modulated by the walking task. The interaction between walking and reaching has thus to be 
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considered as ―bidirectional‖. The observed interaction between the two sub-tasks might be 

partially due to biomechanical factors. 

 

Dimensionality reduction 

 We applied dimension reduction techniques, PCA and the new FADA algorithm, to a data 

set that included the flexion-angle trajectories from shoulders, hips and knees from all the valid 

trials in the main experiment. The goal of this analysis was to uncover a potential modular 

organization of the coordination that is apparent in the kinematics of the shoulder, hips and knees.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4: Time coupling between target achievements and foot events.  Mean values (± SD) of 

the time interval between time of target achievement and the time of occurrence of the first four 

foot events following the ‗go‘ signals. In the figure, RL stands for right foot lift-off, RS, right foot 

strike, LL, left foot lift-off and LS for left foot strike. Although the results in the figure refer to trials 

triggered with kinematic events of the right foot, comparable foundlings were obtained for trials 

triggered by the left foot.  

 

We applied two different unsupervised learning techniques based on two different generative 

models, with and without additional time delays of the superpositioned source signals. For both 

methods we selected the minimum number of primitives (source signals) that was required to 

account for the major part of the variance of the data, by investigating how approximation quality, 
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measured by the VAF, depends on the number of sources in the fitted model (figure 5). 

Qualitatively, it seems evident that the VAF as a function of the number of sources for the FADA 

suggests that a model with two sources approximates the data in an optimal way. The existence of 

an ―elbow‖ in the VAF curve for N = 2 indicates that additional sources capture only very small 

additional amounts of variance of the data. The VAF curve associated with PCA, instead, shows a 

much more gradual increase, and it appears that even 5 sources are not yet sufficient to provide a 

very accurate approximation of the data. This qualitative impression is confirmed by the linear 

regression procedure that we used to quantitatively validate the choice of the number of primitives. 

Only when applied to the curve relative to FADA the regression procedure could identify the point 

at which the mean square error dropped below threshold. In the PCA case the criterion did not 

provide a solution, indicating that a model with less than six sources seem not adequately to capture 

the data.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5: VAF as a function of the number of primitives. The red squares refer to data 

reconstruction obtained with the results from PCA. The blue triangles refer to the VAF associated 

with the anechoic algorithm. The cyan circles report the percentage of VAF of the test data set when 

using the time-shiftable sources learned from the training data set. 

 

The temporal evolutions of the first 5 PCs are shown in figure 6A.  The identified PCs were 

characterized by a complex oscillatory structure. Some components (e.g. PCs 1 and 2) seem to be 

characterized by similar frequencies of oscillation, but are time-shifted against each other.   Also 

PC3 and PC5 seem similar, but time-shifted against each other. PC4 did not match with any of the 

other PCs. The large number of significant PCs makes it difficult at first sight to provide a 

meaningful interpretation.  
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The weight coefficients corresponding to the five PCs are depicted in figure 6B, separately for the 

four experimental conditions. The coefficients of PC1 presented a partially symmetric dependence 

on the foot event that triggered the ―go‖ signal. The coefficients belonging to the knees have 

different signs in the conditions RL and RS vs. LL and LS. The one relative to the right shoulder, 

however, had the same sign in RL, LL and LS. Note that also the magnitudes of the coefficients 

were quite different across conditions. The same considerations about PC1 apply also to PC2. PC3 

and PC4 did not show any symmetric behaviour across conditions. The coefficients belonging to the 

right shoulder angle for PC3, were, for example, invariant across all conditions. A similar behaviour 

is shown for the coefficients of PC4 with respect to the knees. For PC5, only the coefficients of the 

lower body (hips and knees) presented in RL and RS opposite features than in LL and LS. These 

observations illustrate again that the PCA results are quite difficult to interpret and to exploit for 

getting an intuition about the structure of the underlying coordination patterns.  

The two source functions identified by means of the FADA algorithm are shown in figure 7A. 

One is a single bump, while the other one is more oscillatory with two distinct peaks. From the 

comparison of these waveforms with the ones in figure 2 it is straightforward to note that the first 

primitive seems more related to the right shoulder angle, while the second primitive seems to be 

related to the evolution of the angles of hips and knees. The relative strength of the effect of each 

source on a given angle trajectory is provided by the corresponding mixing weights. The mean 

values of these weights, averaged over all subjects and valid trials with reaches to the most upward 

and most leftward position are shown in figure 7B. For each source the weights were computed 

separately for experimental conditions and joint angles.  The largest weight coefficient related to the 

first source was the one of the right shoulder angle, while for the second source there was a 

progressive increase of the amplitude of the weights when moving from the ones associated with 

the higher-body joints to the ones of the lower body. The two extracted waveforms seem to be task-

dependent: one more associated with the reaching discrete sub-task, the second one to the periodic 

sub-task, i.e. walking. However, this task separation is not complete in the source space, since both 

primitives contribute actually to the trajectories of all the joints, even if more markedly for some 

body joints.  Although, for instance, the coefficient of the right shoulder is dominant across all 

experimental conditions, even the other coefficients are not zero. Similarly the weight coefficients 

for the second source of the shoulders are low, but non-zero. These considerations, made for the 

weights relative to the most upward and most leftward position that the subject were asked to reach, 

held also when referring to each one of the other ball locations. To assess this invariance we 

computed the average correlation coefficients between the weight vectors associated with different 

ball positions. We found that, on average,  R = 0.98 ± 0.01. A further proof of the strong 

relationship between the extracted sources of figure 7A and the two main movement sub-tasks (the 

periodic and discrete one) is provided by the distribution of the temporal delays that correspond to 

the two sources. figure 7C illustrates, for each source and experimental condition, the distribution of 

the delays associated with all trials accomplished to reach the most upward and most leftward 

position. The delays are always distributed about well-defined average values, with approximately 

Gaussian distribution. For the delays belonging to the first source for the right shoulder angle a one-

way ANOVA and a subsequent post hoc analysis revealed no significant difference between the 

average delays between the conditions RL and LL. Similarly, no significant difference was found 

for the average delays of conditions RS and LS. Note that these findings are coherent with figure 2, 

where the peaks of the shoulder angle are approximately occurring at equal times for the conditions 

RL and LL, respectively for RS and LS. Also a post-hoc analysis for the delays of the second source 

did not reveal statistical differences between the average delays of condition RL and RS, and 

between those of LL and LS. These results are coherent with figure 2. The findings presented above 

were further confirmed through a cross validation procedure. figure 5 shows the VAF measure for a 

training data set, used for fitting the generative model (1), and for a test data set that was not used 

for fitting of the model. The regression procedure confirmed that 2 sources provide a good level of 

reconstruction of the data. 
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Figure 6:  Results of dimensionality reduction with PCA. (A) Time functions corresponding to 

the 5 principal components extracted from the whole joint-angle data set. (B) Corresponding 

weighting coefficients. 
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Moreover, the two sources extracted from the training data set were found to be very similar 

to those in Fig 7A (average correlation coefficient R = 0.998 ± 0.001, after that the corresponding 

sources were re-aligned according to their maximum peaks).   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7:  Results of dimension reduction with anechoic demixing algorithm (FADA). (A) 

Time course of the two temporal sources extracted with the new algorithm that we developed and 

based on the generative model (3). (B) Average values of the weighting coefficients associated to 

the two sources. (C) Time delays distributions for each source and condition. 

Control experiments  
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In summary, we have shown in this section that the temporal evolution of the task.-relevant 

joint angle trajectories can be well described by a modular organization. Comparing PCA as 

classical approach that is based on an instantaneous mixture model and the novel FADA algorithm, 

which fits an anechoic mixture model, we found that the FADA algorithm recovers a nicely 

structured model with only two source components. Contrasting with this result, the PCA model 

requires a large number of components that seem not to have a clear intuitive interpretation, and 

results in a weight distribution that is quite complex and difficult to analyse in dependence of the 

experimental conditions. The two source components extracted by the FADA algorithms map 

intuitively onto coordination patterns of the arm and the lower body that seem to be useful to 

accomplish the rhythmic subtask (walking)  and discrete sub-task (reaching). 

We described above a dependency of the target reaching time on the foot step event 

triggering the ―go‖ signal. To test whether such a dependency might be caused by some anticipatory 

mechanisms induced by the fact that the target balls turned yellow one gait cycle before the ―go‖ 

signal, we asked to three control subjects to perform the same tasks without presenting a colour 

switch to yellow before the ―go‖ signal. The ball turned directly from red to green at the time of 

occurrence of the triggering event. Analysis of variance revealed that even in this case the reaching 

time was significantly dependent on the foot step event triggering to ―go‖ signal (p < 10e-11). Post 

hoc analysis showed that the shortest average time of reaching was that relative to LL (0.47 ± 0.04 

s) and the longest that one relative to RL (0.50 ± 0.04 s). The reaching time of RS was 0.48 ± 0.04 s 

and that of LS was 0.49 ± 0.05 s. The average reaching time associated with RS was found to be not 

significantly different from that of LL and LS. The control experiment therefore confirmed the 

results reported for the main experiment, and thus proves that the yellow phase preceding the ―go‖ 

signal did not play any role in the modulation of the time of reaching. 

We reported above and in figure 4 about a strong time coupling between the times at which 

the targets were reached and the times of occurrence of the second footsteps events following the 

―go‖ signals. In order to assess whether this temporal coordination is just an artefact because the 

time between ―go‖ signal and the reaching of the goal was close to the duration of a half gait cycle, 

we realized a control experiment with three participants that were asked to walk on the treadmill at 

two different velocities, corresponding tom 75% respectively 125% of the walking velocity in the 

main experiment. The results reported in figure 8 (top panels) show that in the case of low velocity 

the time of the reaching of the target was not statistically different (p > 0.01) from the time of 

occurrence of the lift of the left foot when the ―go‖ signal was triggered with the lift of the right 

foot.  Similarly, when the ―go‖ signal followed a strike of the right foot, the time of target 

achievement occurred, on average, simultaneously with the strike of the left foot (p > 0.01).  These 

results are in agreement with those in figure 4. When the velocity of the treadmill was increased 

(and thus the average gait cycle duration reduced), however, the time at which the target was 

reached was still synchronous with a specific footstep event. But in this case it was the thorn and 

not the second event following the ―go‖ signal (p > 0.01 in the RL and RS conditions). A within-

subject analysis confirmed that each participant tended to synchronise the time of reaching with the 

second foot step event for the two conditions that were run at low velocity. For the high velocity 

condition one of the three participants showed a behaviour that differed from the other two. All 

participants synchronized the reaching with a specific foot-step event. However, the number of the 

event varied from subject to subject. (One synchronized with the second, one with the third, and one 

with the fourth.) 

 

 

 

 

 

 

System delays 
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We estimated the intrinsic time delay of the experimental setup between the actual 

occurrence of the step event and the ―go‖ signal (colour change), which is caused by the time that is 

required to detect the foot event and the stimulus presentation time. Following the procedure 

described in the methods section, we found an average delay of 38 ± 15 ms. This short temporal 

delays are so small that they do not substantially bias the reported delays, so that we can neglect this 

factor in the interpretation of the data.  

 

 
Figure 8:  Time coupling between target achievements and foot events (control experiment). 

Mean values (± SD) of the time interval between time of target contact and the time of occurrence 

of the first four foot events following the ‗go‘ signals. The two top panels show the results for the 

conditions (RL and RS) for a small velocity of the treadmill (75% of the velocity in the main 

experiment). Bottom panels show the data collected for same conditions high speed of the treadmill 

(125% of the speed in the main experiment). 
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Discussion 
In this study we investigated the kinematic patterns of coordination that underlie complex 

whole-body movements that combine time-controlled arm pointing to a virtual target in space with 

walking. Consistent with a coordination of movement primitives for locomotion and goal-directed 

reaching, we found a systematic variation of the walking pattern subsequent to the arm movement, 

as well as a modulation of the arm movement by the foot events triggering the time of reaching. The 

applied statistical technique for the extraction of movement primitives from the trajectories revealed 

the existence of two main components accounting for the periodic and non-periodic temporal parts 

of the joint angle trajectories. This reveals a mutual coordination between the control of reaching 

and walking, where a part of the observed interaction might be caused by biomechanical factors 

 

Control of pointing and locomotion 

 It is well-known that arm reaching from a standing position elicits a set of postural 

adjustments, affecting the lower body joints to counterbalance the perturbations introduced by the 

motion of the upper limb [22, 23, 24, 25]. In this case, the postural task (postural adjustment) seems 

to be induced by the reaching task, with the aim to guarantee body equilibrium in consequence to 

the destabilizing effects caused by the perturbations introduced by the voluntary movement. Our 

results show that when this simple postural task is replaced by a dynamic one, walking the periodic 

pattern associated with the lower limbs is modified to meet the demands of the reaching task. This 

is in agreement with the mechanisms that were found regulating the interaction between voluntary 

arm movements and posture, and also with the observations in other studies on the interaction 

between arm reaching and locomotion [5, 4, 6, 7, 8]. In our experimental paradigm we had the 

possibility to control with a high level of accuracy the time of the ―go‖ signal in relationship to 

different gait events. This made it possible to show that the reaching task is also to some extent 

modulated by the periodic one. We therefore found a mutual interaction between reaching and 

walking.  

This observation by itself, however, does not answer a number of questions regarding the execution 

and planning mechanisms underlying the accomplishment of pointing tasks during locomotion, that 

have been asked in a more general context.  Using fMRI, Schaal and colleagues [26] showed that 

different cortical networks are dedicated to the control of rhythmic and discrete movements, of 

which locomotion and reaching are special instances. It is also a fact that locomotion is a more low-

level task in the hierarchical organization of motor control, as it involves mainly spinal cord circuits 

(the central pattern generators, see [27]), whereas arm movements require more high-level 

mechanisms (such as arm or hand trajectory planning) that rely on specific internal models [28]. 

The two kinematic components that we extracted from the angular trajectories showed a clear 

separation in terms of periodic and discrete tasks. One was describing the co-variation and periodic 

features of the body joints during locomotion. The second one was found describing mainly the 

discrete time structure of the right shoulder flexion-angle, the most involved the reaching task. Even 

though we did not record EMG activity, based on our data one might however speculate that the 

observed behaviour might be accomplished by a superposition of two motor programs. One motor 

program dedicated to the arm reaching task might be combined with a periodic one, regulating the 

contra-lateral motion of upper and lower limbs usually observed during walking. A support to this 

hypothesis is provided by the study of Ivanenko and colleagues [29], who demonstrated that when 

accomplishing voluntary movements while walking (such as kicking a ball, step on an obstacle or 

stooping of the left or right side) the five EMG locomotion patterns found related to locomotion 

[30] were still invariantly present and that the voluntary movements were accompanied by an 

additional sixth activation component. The authors concluded that compound movements might be 

produced through a superposition of motor programs. Unfortunately in their study Ivanenko and 

colleagues did not consider proper walking and reaching.  Given the similarities between the 

stooping task and the pointing plus walking task presented in our study there is however a 

possibility that a sixth EMG component would be found also in our case. Differently from the stoop 
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tasks, however, where the time of grasping was not constrained in dependence of different gait 

phases, in our experiment the time of reaching initiation was strictly controlled. As the aim of this 

task constrain was to decouple as much as possible the natural coordinative structure between 

reaching and locomotion, more than only one EMG component might also be found to be 

superimposed the strong locomotion patterns. Further experiments similar to the one that we 

presented that will include muscle activity recordings might be suitable to clarify this point. To 

accomplish a goal-directed actions the CNS relies on specific motor plans. Motor planning is, for 

instance, required to accomplish arm pointing movements [28]. Even locomotion may require motor 

planning, for example when an obstacle has to be avoided [31]. The results of our study motivate 

interesting ideas regarding the planning mechanisms underlying our experimental tasks. We found a 

dependency of the duration of the time interval between the ―go‖ signal and target achievement 

after the triggering event.  This suggests, first of all, that also the lower body joints are partially 

controlled by the internal model in the brain. In addition, we showed that that the time at which the 

target was reached was always strongly coupled with the second foot event occurring after the ―go‖ 

signal. Thus, for instance, if the lift of the right foot was the triggering event, the instant of 

maximum arm extension at which the target was achieved coincided with the time of occurrence of 

the next lift of the left foot (time of maximum extension of on the two legs). This type of 

coordination pattern was independent of gait cycle time. We do not have yet a direct explanation 

that accounts for this strong time coupling, which is also described pretty well by the features 

characterizing the weights and the delays associated with the two components displayed in figure 7.  

It can be hypothesized however that the intrinsic reasons for such a coupling might be essentially 

biomechanical. Such a temporal coupling might indeed reflect an optimal strategy to superimpose 

the discrete behaviour of the task to the rhythmic one. 

 

Decomposition of the coordinative kinematic patterns in rhythmic and discrete components 

An important result of our study was that the FADA algorithm applied to the most 

significant joint angles revealed only two kinematic components, which accounted with high 

accuracy for the variance of the relevant joint angle trajectories. One component was found to carry 

more information about the kinematic co-variation of the lower body joints, and could consequently 

be related to the rhythmic walking task. The second component was found instead characterizing 

mainly the angular displacement of the right shoulder, and seems thus to be related to the discrete 

pointing task. The classification of the two identified patterns of joint co-variation in terms of 

periodic and non-periodic tasks has to be attributed to the temporal features of the generative model 

(1).  

When PCA, which relies on an instantaneous generative mixing model (where sources 

cannot be time-shifted), was applied to joint angle data it turned out that even 5 PCs seem not to be 

enough to capture the variability of the data. Likely this high number of sources is a consequence of 

the inadequacy of the underlying generative model. The much higher compactness of anechoic 

generative models matches out experience with many other kinematic data sets [12, 14].  The 

consequence of the inadequacy of the generative model is that PCA requires the introduction of a 

large number of sources and mixture weights, resulting in the problem that the parameters of such 

models are difficult to estimate robustly, and even more difficult to interpret. This complexity was 

reflected in the complex shape of the recovered source functions (figure 6A) and the very complex 

dependence of the mixture weights on the different experimental conditions (figure 6B).    

Unsupervised learning techniques for reduction of dimensionality have been widely applied 

for the study of movement coordination in the field of movement science. In previous studies in 

which they were used, however, purely discrete  [19, 20, 32] or rhythmic  [12] movements were 

investigated, with very few exceptions for hybrid behaviours [29]. Our study is, to our knowledge, 

the first that such techniques have been applied to a combination of periodic and non-periodic 

movements. For this case we could show that using improved generative models for data analysis 
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might help substantially to uncover the structure of underlying coordination patterns, and 

potentially of underlying control modules.  

 

Conclusions  
 We have studied the kinematic patterns of joint co-variation associated with a motor task 

requiring arm pointing while walking. We found a mutual interaction between walking (periodic 

task) and arm reaching (discrete task). The results suggest that, at execution level, the periodic and 

non-periodic behaviour may be regulated by the superposition of two different motor programs, 

whereas they seem, at planning level, to be integrated in a single motor plan that aims at a 

synchronization of the discrete goal-directed movement with specific events of the rhythmic 

movement, and a modulation of the periodic behaviour that might be optimized with respect to the 

execution of the discrete behaviour.   
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1.3 Cognitive constraints and representations of motor primitives 

(UniBi) 
 

1.3.1 General Introduction 
 

Mental representations play a fundamental role in the control and organization of human actions. In 

order to illuminate the cognitive constraints and mental representations underlying complex actions, 

the UniBi group undertook three main lines of research geared towards examining the planning and 

memory of complex movements and the changes associated with skill learning and development. 

 

In a first line of research, we examined the influence of motor learning on the development of 

cognitive primitives based on a motor task captured during task 1.2. Specifically, in a first study 

(Frank, Land, & Schack, 2013), we examinedthe effects of practice on the development of one's 

mental representation of a complex action during early skill acquisition. During a period of motor 

training, we observed not only changes in the task performance of the participations, but also their 

mental representation of the task using the structural dimensional analysis – motoric (SDA-M), 

which is an experimental method developed to examine how individuals organize and cluster action 

concepts in long term memory. Results indicated a clear pattern in the development of the 

participants‘ mental representations over the course of learning such that the representations 

reflected the hierarchical and biomechanical properties of the motor task. The results of this study 

support our assumption that motor learning is linked to the modification and adaptation of 

representation structures in memory. 

 

In a follow-up study (Land, Frank, & Schack, submitted), we extended the findings of study 1 by 

asking whether the type of instructions given to learners influence theirdevelopment of skill and 

cognitive representations. Based on well established research from within the domain of human 

motor learning, we examined the effects of instructions that directed the learner‘s attention either to 

the technique of the motion or to the sensorial movement effects. Consistent with the literature on 

skill acquisition, participants who performed with attention directed towards movement effects 

performed better during training and showed greater development in their mental representation. 

These findings indicate that the association between sensory consequences and motor action play an 

important role in shaping the development of mental representations during the learning process. 

 

Given that movements are structured and rely on these mental representations, an important 

theoretical advancement would be to identify direct links between mental representations and 

movement kinematics. Consequently, in a second main line of research (Land, Volchenkov, 

Bläsing, &Schack, submitted), we examined the extent to which direct links between cognitive 

representations and movement kinematics can be observed. Towards this end, we developed a new 

method to analyze the kinematic structure of movementattested directly from motion capture data. 

Along with this new method, and our method for examining the structure of mental representations 

(SDA-M), we were able to show that mental representations and movement kinematics share 

similar structure features. Furthermore, the degree of overlap or mismatch between the mental 

representations and the kinematic structure was identified to have important implications for 

targeted interventions to improve motor performance. 

 

Finally, a third line of research (Land, Rosenbaum, Seegelke, & Schack, accepted) examined how 

cognitive constraints in the form of anticipation of upcoming task goals can influenceposture 

planning and the sequencing of actions. Based on a motor action captured in Task 1.2, we assessed 

how the anticipation of grasping an object inside a drawer influenced the postural coordination used 

while grasping and opening the drawer. Findings indicated that the anticipation of the spatial 
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properties of the object to be grasped inside the drawer influenced the postural coordination over 

the entire body while opening the drawer. Furthermore, findings suggested that the entire 

prehension task was represented in advance.These findings highlight that action goals play an 

important role in how movements and primitives are combined to produce smooth sequences of 

complex action. Furthermore, the results demonstrate the richness and flexibility of human 

movement in that a complex action is more than a linear combination of independent sequential 

movements, but rather a functionally integrated sequence of actions.  

 

The following section of the Deliverable is organized into four subsections, each corresponding to 

the articles mentioned above. Both article 1 (Frank et al., ―Mental representation and learning: The 

influence of practice on the development of mental representation structure in complex action‖) and 

article 4 (Land, Rosenbaum, et al., ―Whole-body posture planning in anticipation of a manual 

prehension task: prospective and retrospective effects‖) have been accepted for publication. Both 

article 2 (Land, Frank, & Schack, ―The Influence of Attentional Focus on the Development of  

Skill Representation in a Complex Action‖) and article 3 (Land, Volchenkov, et al., ―From Action 

Representation to Action Execution: Exploring the Links Between Cognitive and Biomechanical 

Levels of Motor Control‖) have been submitted for publication. 
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1.3.2 Mental representation and learning: The influence of practice on 

the development of mental representation structure in complex action
8
 

 

Abstract 

Recent research has elicited distinct differences in mental representations between athletes of 

different skill levels. Such differences suggest that the structure of mental representations changes 

as a function of skill level. However, research examining how such mental representation structures 

develop over the course of learning is lacking. In the present study, we examine the effects of 

practice on the development of one's mental representation of a complex action during early skill 

acquisition.For this purpose, we created a controllable learning situation, using a repeated-measures 

design with a control group. More specifically, novice golfers were randomly assigned to either a 

practice group (n = 12) or a control group (n = 12). Both groups were tested before and after an 

acquisition phase of three days as well as after a three day retention interval.Mental representation 

structures of the putt were recorded, employing the structural dimensional analysis of mental 

representation (SDA-M), which provides psychometric data on the structure and grouping of action 

concepts in long term memory. In addition, outcome performance of the practice group was 

measured, using two-dimensional error scores of the putt.Findings revealed a significant 

improvement in task performance, as well as functional changes in the structure of the practice 

group's mental representation. In contrast, no functional adaptations were evident in the mental 

representation of the control group.Our findings suggest that motor skill acquisition is associated 

with functional adaptations of action-related knowledge in long-term memory. 

Introduction 

During the last 50 years, researchers from cognitive psychology have identified a close relationship 

between performance and mediating cognitive mechanisms (e.g., Allard & Burnett, 1985; Allard, 

Graham, & Paarsalu, 1980; Chase & Simon, 1973; Chi & Rees, 1983; de Groot, 1965; French & 

Thomas, 1987). Along with superior performance, research on expertise has shown that the expert 

advantage is associated with numerous cognitive adaptations. For instance, experts are better able to 

recall domain-specific information (Chase & Simon, 1973), to anticipate future events (Mowbray & 

Rhoades, 1959), and to make fast and accurate decisions (Tenenbaum, 2003). In addition, a long-

standing discussion within this field of research has addressed the role of mental representations 

within the organization of actions. According to this, expert performance has been suggested to rely 

on well developed mental representations (Ericsson & Smith, 1991). Specifically, highly-skilled 

individuals are thought to differ from low-skilled individuals both in their reproducibly superior 

performance and in their underlying representation of the skill in long-term memory (Ericsson, 

2007).  

According to skill acquisition theories, cognitive mechanisms governing task performance develop 

over the course of learning (e.g., Anderson, 1982, 1993, 1995; Fitts & Posner, 1967; Magill, 2011). 

To this extent, motor skill acquisition is suggested to be accompanied by changes in the cognitive 

control structures that mediate the reliance on attention and working memory. More specifically, 

novice motor performance has been suggested to rely heavily on working memory with movements 

attended to in a stepwise fashion. In contrast, expert performance is suggested to be supported by 

integrated task control structures that allow for movements to be automated, thereby placing fewer 
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demands on attention and working memory processes (for an overview, see Beilock, Wierenga, & 

Carr, 2003). Accordingly, expert performance is suggested to be supported by proceduralized 

representations, which do not rely on attentional control, as opposed to representations of novices 

that are more declarative in nature. During skill acquisition, these mechanisms are proposed to 

change based on changes in the learner‘s representation of the skill. Specifically, during skill 

acquisition and development, the representation of a novice is thought to change towards the 

proceduralized representation of an expert (Beilock, Wierenga, & Carr, 2002).  

In addressing this, Beilock and Carr (2001) investigated attention and memory processes that 

support motor skill execution. Specifically, in order to learn about differences in underlying 

representations, generic knowledge (i.e., general memory: prescriptive information about a 

movement) and episodic knowledge (i.e., specific memory: autobiographical record of a particular 

performance) of novices and experienced golfers on the putting movement were explored. These 

different types of skill knowledge served as indicators of the degree of elaboration and 

proceduralization seen in the golfers' underlying representations. According to the authors‘ 

rationale, with increasing expertise, generic knowledge of the putt was thought to increase as the 

representation of a movement becomes more elaborate. At the same time, episodic knowledge of 

the putt was suggested to decrease as the representation becomes more proceduralized, running 

primarily outside of working memory, and thus not leaving a retrievable episodic record of the task 

performance. Consistent with these assumptions, findings revealed that, indeed, experienced golfers 

gave more detailed generic descriptions of the putt, but less detailed episodic descriptions of 

particular putts, while the opposite was true for novices. From this, the authors concluded that 

automatized execution of a movement is controlled via proceduralized representations that reduce 

attention and working memory demands, thereby resulting in greater generic memory but reduced 

episodic recall.  

Similarly, after having trained novices for 650 practice putts, Beilock et al. (2002) found episodic 

descriptions of trained novices to be similar in the number of reported steps to their generic 

descriptions. Specifically, whereas the generic descriptions of trained novices were similar to those 

of untrained novices, episodic descriptions were in between those of untrained novices and 

experienced golfers. This suggests that trained novices‘ representations became more 

proceduralized with practice. From this and other research, the cognitive mechanisms underlying 

skill execution are thought to change with skill development, with experienced performers relying 

on more proceduralized mental representations compared to novices. 

To date, the mental representations underlying performance have been studied in a variety of 

disciplines using a broad spectrum of methods (see Hodges, Huys, & Starkes, 2007). One of the 

first studies in sport addressing the question whether domain-specific knowledge and task 

performance relate was that of French and Thomas (1987). In their study, the authors examined the 

relationship of basketball-specific knowledge and basketball skills in children using paper-and-

pencil test. Based on their findings, namely better shooting skill and more basketball knowledge in 

expert players in comparison to novice players, the authors were one of the first to highlight the 

salient role of knowledge in skilled performance. More recently, in his work on differences in the 

classification and representation of context-specific problem states using specific sorting techniques 

and interview methods, Huber (1997) found that experts‘ nodes (i.e., central concepts) of 

representations possess more features compared to novices. Besides that, fewer connections 

between concepts have been found in novices. Furthermore, by way of categorization tasks, Allard 

and Burnett (1985) could show that experts adhere to functional principles when classifying 

problems while novices rather rely on superficial features. With the help of questionnaire methods 

and interviews, McPherson and colleagues have been able to reveal the organization of movement 

knowledge for tennis (McPherson & Kernodle, 2003; McPherson & Thomas, 1989) and a variety of 



157 

 

other sport domains (French & McPherson, 1999, 2004). From this and other research, findings 

suggest that experts maintain more refined mental representations for specific domains, and that 

such elaborate representations allow for a more refined execution of appropriate actions relative to 

novices (Ericsson, 2007; Ericsson & Smith, 1999; Ericsson & Towne, 2010).  

Early research on object representations (e.g., Hoffmann, 1986; Rosch, 1978; Rosch & Mervis, 

1975), suggests that knowledge is represented in taxonomies of hierarchically organized memory 

structures. Furthermore, these representations are suggested to provide the functional basis for the 

everyday interaction with objects (Hoffmann, 1990). Similarly, the cognitive action architecture 

approach (CAA-A, Schack, 2004; Schack & Mechsner, 2006; Schack & Ritter, 2009) suggests that 

the mental representations of high-level motor skills are also organized within hierarchical memory 

structures comprised of basic action concepts (BACs). Analogous to the well-established notion of 

basic concepts in the world of objects (Mervis & Rosch, 1981), BACs denote the cognitive 

compilation of body postures along with their sensory consequences that are functionally related to 

the attainment of action goals. From such an action architecture perspective, mental representations 

can be characterized by well integrated networks of action concepts that serve as tools to facilitate 

the controllability of the motor system (Bläsing, Schack, & Brugger, 2010; Bläsing, Tenenbaum, & 

Schack, 2009; Schack & Ritter, 2009).  

By way of an experimental approach, Schack and Mechsner (2006) studied the tennis serve in high-

level experts compared to low-level and non-tennis players in order to investigate the nature and 

role of long-term memory in skilled athletic performance. Employing structural dimensional 

analysis of mental representation (SDA-M; Schack, 2004, 2012), the authors analyzed 

representational frameworks for the tennis serve, and found that the structures of the experts‘ 

representations were organized in a distinctive tree-like hierarchy, were remarkably similar across 

individuals, and were well matched with the functional and biomechanical demands of the task. In 

comparison, the structures of mental representations in low-level players and non-players were 

organized in a less distinctive tree-like hierarchy, were much more variable across individuals, and 

were not as well matched with the functional and biomechanical demands of the task.  

These results have been shown to generalize across a variety of complex motor skills such as in 

dancing (Bläsing, 2010; Bläsing et al., 2009), judo (Weigelt, Ahlmeyer, Lex, & Schack, 2011), 

volleyball (Velentzas, K., Heinen, T., Tenenbaum, G., & Schack, T., 2010), wind surfing (Schack & 

Hackfort, 2007), and manual action (Stöckel, Hughes, & Schack, 2012). Moreover, recent research 

on mental representations in special populations such as children and stroke patients (Braun et al., 

2007; Stöckel et al., 2012) suggests that cognitive structures differ across both skill-levels and age. 

For example, Stöckel et al. (2012) examined the development of mental representations of grasp 

postures in children of different ages. Similar to the characteristics of experts‘ mental 

representations, the authors found 9-year-old children‘s mental representations to be hierarchically 

organized according to the function of the grasp postures. Specifically, 9-year-old children‘s mental 

representation structures reflected distinct differences between comfortable and uncomfortable 

grasp postures, whereas 7-year-old and 8-year-old children‘s mental representations were less 

structured, and did not indicate any distinct differentiation between comfortable and uncomfortable 

grasp postures. From these results, the authors concluded that mental representations develop as a 

function of age, such that a child‘s ability to successfully distinguish between a comfortable and an 

uncomfortable grasp posture seems to mature on the basis of developing cognitive structures. 

Differences in the mental representation across skill-levels and age suggest the idea that motor 

learning leads to functional adaptations in one's mental representation of a motor skill. That is, 

novices‘ unstructured mental representations are thought to develop into more refined and elaborate 

representations during the process of learning. This is in line with the general idea of learning 
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within the cognitive architecture framework. From such a perspective, learning is a product of 

modifying and developing the mediating conceptual (BAC) structures within the memory system 

(Schack, 2004, Schack & Ritter, in press). However, to date, research has largely focused on the 

differences between intact groups (e.g., novices and experts) using a between subjects approach. If 

we assume that learning results in the modification and development of mental representations, then 

changes in one's representational structure should be evident over the course of skill acquisition. 

Therefore, we examined the potential for one's mental representation to functionally adapt to the 

biomechanical demands of the task during early skill acquisition as a consequence of task practice. 

By creating an experimentally induced controllable learning situation, we examined whether 

performance improvement is accompanied by order formation of action-related knowledge in long-

term memory. It was predicted that, along with performance improvements, changes to the 

underlying mental representation would be evident as a consequence of skill acquisition. 

Specifically, it was predicted that during the course of learning, the initial unstructured mental 

representation of a novice practice group would elicit structural changes in the form of clusters of 

BACs which are related to the movement and its phases. Furthermore, it was predicted that the 

structural changes would reflect development towards the representation structure of expert 

performers (i.e., functional adaptations). In contrast, a novice control group, which does not partake 

in task practice, was predicted to show no changes to their initial unstructured mental 

representation.  

Method 

Participants 

Twenty-four students (12 women, 12 men; mean age in years = 27.3, SD = 5.9) participated in the 

present study. All participants were novice golfers with no previous golf experience. They were 

randomly assigned to either a practice group (n = 12, mean age = 26.08, SD = 4.48, 6 male) or a 

control group (n = 12, mean age = 28.50, SD = 6.95, 6 male), who did not practice the putting task. 

The study was conducted in accordance with local ethical guidelines, and conformed to the 

declaration of Helsinki. 

Structural Dimensional Analysis of Mental Representation 

Although various methods that allow for the study of knowledge-based mental representation 

structures of movements in long-term memory exist (for an overview, see Hodges, Huys, & Starkes, 

2007), most of them are non-experimental and focus on explicit knowledge (e.g., interviews, 

questionnaires, paper-and-pencil tests). Aiming at an experimental approach in which subjects are 

not asked to give explicit statements on their representation structure, Schack (2012) introduced 

structural dimensional analysis of mental representation (SDA-M). This method provides 

psychometric data on the structure and dimension of mental representations of complex movements 

in long-term memory. 

The SDA-M consists of four steps: In a first step, a split procedure delivers a distance scaling 

between the BACs of a suitably predetermined set. In a second step, a hierarchical cluster analysis 

is used to outline the structure of the given set of BACs. In a third step, a factor analysis reveals the 

dimensions in this structured set of BACs, and in a last step, the cluster solutions are tested for 

invariance within- and between-groups (for details, see Schack, 2012).  

Selected Complex Movement and its Structure 

The putt in golf is considered one of the most important parts of the game as it represents 43% of all 

golf shots taken during a round of golf (Pelz & Frank, 2000). For the purpose of the present study, 
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BACs of golf putting were utilized. In order to specify the BACs of the chosen movement, the 

following steps were necessary: First, the movement and movement phases were described in detail 

with the help of standard textbooks (e.g., Hamster, 2008; Pelz & Frank, 2000) and the 

biomechanical analysis of the golf putt. The parts of the movement considered most relevant 

resulted in a preliminary set of 27 meaningful body postures. The 27 body postures were further 

rated and verified by golf experts
9
 (n = 5). In a last step, a final set of 16 BACs were selected based 

on the experts' ratings. 

Based on the procedure described above, the following 16 BACs for the putt were identified: (1) 

shoulders parallel to target line, (2) align club face square to target line, (3) grip check, (4) look to 

the hole, (5) rotate shoulders away from the ball, (6) keep arms-shoulder triangle, (7) smooth 

transition, (8) rotate shoulders towards the ball, (9) accelerate club, (10) impact with the ball, (11) 

club face square to target line at impact, (12) follow-through, (13) rotate shoulders through the ball, 

(14) decelerate club, (15) direct clubhead to planned position, (16) look to the outcome.  

From a functional and biomechanical perspective (cf. Göhner, 1992, 1999), each of the 16 BACs 

can be assigned to a particular movement phase: preparation (BAC 1-4), backswing (BAC 5-7), 

forward swing (BAC 8-11), and attenuation (BAC 12-16). In other words, the first phase (i.e., 

preparation phase) consists of the performer setting up and aligning his/her body to the hole. The 

second phase (i.e., back swing) consists of the start of the backswing and transition between back 

and forward swing. The third phase (i.e., forward swing) relates to the acceleration of the clubhead 

as well as to the mechanical and functional qualities associated with clubhead-ball impact. Finally, 

the attenuation phase consists of the follow through and evaluation of the outcome. 

Apparatus and Task 

A standard putter and golf ball were used in the present study. Putts were performed on an artificial 

indoor putting green to a target three meters away from the starting point. Participants were 

instructed to putt a golf ball as accurately as possible to the target, on which the ball was supposed 

to stop
10

. Instead of a hole, a target was chosen for the present study, in order to measure two-

dimensional error scores as opposed to hits only. The target was marked by a circle 10.8 cm (4.25 

in) in diameter in accordance with the size of a regulation golf hole. In order to record the outcome 

of each golf putt, a video camera was positioned above the target to capture a top-down view of the 

final ball position after each putt (field of view: 3.3 m x 1.8 m).  

Mental representation structure was assessed using a splitting task, first step of the above described 

SDA-M, in order to learn about the distance between BACs in memory. This splitting task was 

performed in front of a computer with the screen displaying the BACs of the golf putt. In detail, the 

splitting task proceeds as follows: one selected basic action concept is permanently displayed on the 

screen (anchor concept) while the rest of the basic action concepts are presented successively in 

randomized order; participants are asked to decide, one after another, whether a given basic action 

concept is related to the anchor concept or not during movement execution; once a given list of 

BACs is finished, the next BAC serves as an anchor concept and the procedure continues. The 

splitting task ends after each BAC has been compared to the remaining BACs in the list. 

Procedure 
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 Although skilled golfers use a strategy of putting past the hole, requiring our novice participants to attempt to stop the 

ball on the target was not assumed to negatively interfere with performance, as the novices would have not previously 

developed the strategy of putting past the hole. 
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The present study consisted of three test days (pre-, post-, retention-test) and an acquisition phase 

(see Table 1). 

Table 1 

Table 1. Design of the study including three test days and an acquisition phase 

  Pre-test  Acquisition  Post-test  Retention-test 

  Day 1  Day 2 Day 3 Day 4  Day 5  Day 8 

Practice group 
 SDA-M      SDA-M  SDA-M 

 Putting task  Putting practice  Putting task  Putting task 

Control group 
 SDA-M      SDA-M  SDA-M 

 -  - - -  -  - 

Note: SDA-M: structural dimensional analysis of mental representation; putting task: 3 x 20 putts, 

putting practice: 10 x 20 putts each day. 

Pre-test. On the first day, participants signed informed consent forms. In order to become 

familiar with the movement, all participants watched a video of a skilled golfer performing the 

putting task. Next, the experimenter introduced the participant to the splitting task. First, each 

participant was presented a randomized list of the 16 BACs of the putt. The experimenter explained 

the meaning of each of the 16 BACs to the participant in order to ensure comprehension. Next, the 

participants read the instructions on the screen for how to complete the splitting task. Specifically, 

participants were instructed to decide whether the basic action concepts are related to one another or 

not during movement execution. Following, the participants completed the splitting task to 

determine their starting mental representation structures of the putt. Furthermore, the practice group 

then performed three blocks of 20 putts each to assess their starting performance level. Participants 

were instructed to putt a golf ball as accurately as possible to the target, on which the ball was 

supposed to stop. The control group did not perform the putting task. Finally, each participant was 

asked to not consult any information on golf in general and the putt in particular for the duration of 

the experiment. 

Acquisition Phase. The next three days, participants of the practice group performed the 

putting task 10 blocks of 20 putts each day with a short break between every two blocks. No 

feedback on technical issues was given during putting. The only feedback available for the 

participant was that of the visible outcome (i.e., knowledge of result). The control group did not 

practice during this time. 

Post-test and retention-test. During post-test (day five) and retention-test (day eight) all 

participants completed the splitting task again to determine their final mental representation 

structures of the putt movement. Next, participants of the practice group performed three blocks of 

20 putts once more to assess their final outcome performance. The control group again did not 

perform the putting task. 

Data Analysis 
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Performance. Putting performance was measured by (a) accuracy, (b) bias, and (c) 

consistency. The accuracy, bias, and consistency of outcomes were assessed using two-dimensional 

error scores based on the x and y coordinates of each putt using the center of the target as the origin 

of the axes (see Hancock, Butler, & Fischman, 1995). More specifically, accuracy was measured by 

the mean radial error (MRE), which was defined as a subject‘s average distance each putt came to 

the center of the target in centimeters. Bias was represented by subject-centroid radial error (SRE). 

SRE was defined as the radial distance of the subject‘s centroid from the center of the target in 

centimeters. A subject‘s centroid is a positionally typical shot whose coordinates are given by the 

average x and average y value of a subject‘s shots in centimeters. Consistency was measured by 

bivariate variable error (BVE). BVE is analogous to variable error in one-dimensional analyses, and 

was defined as the square root of a subject‘s k shots' mean squared distance from their centroids in 

centimeters. To examine performance during acquisition phase, a 3 (day) x 10 (block) within-

subjects analysis of variance (ANOVA) was calculated for each of the dependent variables. 

Additionally, performance from pre- to post- and retention-test was examined using a 1 (group) x 3 

(time of measurement) within-subjects ANOVA for each of the dependent variables. For post-hoc 

analysis, paired t-tests were conducted employing a Bonferroni correction ( = .017) to account for 

the inflation of type I errors. Cohen‘s d was used as an estimator of effect size (Cohen, 1992).  

Mental representation structure. Mental representation structure was measured by 

calculation of mean group dendrograms via cluster analysis (i.e., by summing the Z-matrices of the 

individuals; for more details see Schack, 2012). For all cluster analyses conducted, an alpha-level of 

 = .05 was chosen, which resulted in a critical value dcrit= 3.41. Links between BACs above this 

critical value were considered as statistically irrelevant. In other words, BACs linked above this line 

were treated as being not related, while BACs linked below this line resulted in a cluster and 

therefore were treated as being statistically related. Analyses of invariance were conducted in order 

to compare differences between cluster solutions. According to Lander (1991, 1992; see Schack, 

2012), two cluster solutions are variant, that is significantly different, for < 0.68, while two cluster 

solutions are invariant for  ≥ 0.68. In addition, the Adjusted Rand Index (ARI; Rand, 1971; Santos 

& Embrechts, 2009) was used to examine the similarity between the practice groups' mental 

representation and that of expert performers. The Adjusted Rand Index serves as an index of 

similarity on a scale from -1 to 1. On this scale, the value ―-1‖ indicates that two cluster solutions 

are different and the value ―1‖ indicates that two cluster solutions are the same. Indices between 

these extremes rank similarity between two cluster solutions. As a reference structure, mental 

representations of two experts were used which reflected well the four movement phases (i.e., 

preparation, back swing, forward swing, and attenuation) of the putt.  

Results 

Performance 

Acquisition phase. A 3 (day) x 10 (block) within-subjects ANOVA on MRE indicated a 

significant main effect of day, F(2,22) =  23.76, p< .001, p
2
 = .68, as well as a significant main 

effect of block, F(9,99) = 13.46, p< .001, p
2
 = .55 (see also Figure 1). The day by block interaction, 

F(18,198) = 1.11, p = .384, p
2
 = .09, was not significant. For bias, a 3 x 10 within-subjects 

ANOVA on SRE revealed a significant main effect of block, F(9,99) = 8.04, p< .001, p
2
 = .42. The 

main effect of day, F(2,22) = 2.49, p = .106, p
2
 = .19, as well as the day by block interaction, 

F(18,198) = 1.35, p = .163, p
2
 = .11, were not significant. For consistency, a 3 x 10 within-subjects 

ANOVA on BVE revealed a significant main effect of day, F(2,22) =18.61, p< .001, p
2
 = .63, as 

well as a significant main effect of block, F(9,99) = 14.19, p< .001, p
2
 = .56. The day by block 

interaction, F(18,198) = 1.30, p = .189, p
2
 = .11, was not significant. Thus, for the two dependent 
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variables MRE and BVE, performance improved both over acquisition days as well as within 

acquisition days, while for SRE performance improved only between acquisition days. 

 

Figure 1. Mean radial error in cm per block for the practice group during acquisition phase (i.e., 

three consecutive days of practice). Error bars represent standard errors. 

Pre-, post-, and retention test. Table 2 presents means, standard deviations, and confidence 

intervals at pre-, post- and retention-test for the three dependent variables (accuracy, bias, and 

consistency) for the practice group. With respect to accuracy, a within-subjects ANOVA on MRE 

revealed a significant effect of time of measurement, F(2,22) = 76.15, p< .001, p
2
 = .87. Post-hoc 

analyses indicated that MRE decreased significantly from pre-test to post-test, t(11) = 8.49, p< .001, 

d = 1.60, and from pre-test to retention-test, t(11) = 11.61, p< .001, d = 2.53, but not from post- to 

retention-test, t(11) = 2.79, p = .018, d = 0.54. For bias, a within-subjects ANOVA on SRE revealed 

no significant effect of time of measurement, F(2,22) = .67, p = .500, p
2
 = .06. Consequently, 

participants did not differ in their magnitude of bias after task practice. For consistency, a within-

subjects ANOVA on BVE revealed a significant effect of time of measurement, F(2,22) = 73.31, p< 

.001, p
2
 = .87. Pairwise comparisons indicated that BVE decreased significantly from pre-test to 

post-test, t(11) = 8.06, p< .001, d = 1.37, and from pre-test to retention-test, t(11) = 11.72, p< .001, 

d = 2.08, as well as from post- to retention-test, t(11) = 2.90, p = .014, d = 0.48. 

Table 2. Descriptive statistics for performance outcome variables across pre-test, post-test, 

and retention-test for the practice group in cm (n=12) 

 Pre-test  Post-test  Retention-test 

Variable M (SD) 95% CI  M (SD) 95% CI  M (SD) 95% CI 

Accuracy 
63.20 

(11.92) 

[55.63, 

70.77] 

 43.99 

(12.04) 

[36.34, 

51.64] 

 38.78 

(6.65) 

[34.60, 

43.01] 

Bias 
13.23 

(10.93) 

[6.29, 

20.18] 

 
8.95 (7.73) 

[4.04, 

13.86] 

 10.60 

(8.32) 

[5.31, 

15.89] 

Consistency 
72.22 

[62.06,  
50.60 

[40.74,  
44.33 

[37.81, 
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(15.99) 82.38] (15.53) 60.74] (10.26) 50.85] 

Note: CI = confidence interval 

Mental Representation Structure 

As can be seen in Figure 2, cluster analysis revealed little to no clustering in the mean group 

dendrograms of each group at pre-test (with critical value dcrit = 3.41). More specifically, the control 

group‘s dendrogram revealed no significant clusters of BACs, while the practice group‘s 

dendrogram displayed only a single cluster pertaining to aspects of movement preparation, that is to 

say BAC 2 (align club face square to target line) and BAC 3 (grip check). In comparison to the 

reference structure, both dendrograms reflected a very different structure, with the adjusted rand 

index being zero for the control group and close to zero (ARI = 0.11) for the practice group.  

 

Figure 2. Mean group dendrograms of (a) the practice group (n = 12) and (b) the control group (n = 

12) for the golf putt at pre-test. The numbers on the x-axis relate to the BAC number, the numbers 

on the y-axis display Euclidean distances. The lower the link between related BACs, the lower is 

the Euclidean distance. The horizontal dotted line marks dcrit for a given α-level (dcrit= 3.41; α= 

.05): links between BACs above this line are considered not related; horizontal grey lines on the 

bottom mark clusters. BACs: (1) shoulders parallel to target line, (2) align club face square to target 

line, (3) grip check, (4) look to the hole, (5) rotate shoulders away from the ball, (6) keep arms-

shoulder triangle, (7) smooth transition, (8) rotate shoulders towards the ball, (9) accelerate club, 

(10) impact with the ball, (11) club face square to target line at impact, (12) follow-through, (13) 

rotate shoulders through the ball, (14) decelerate club, (15) direct clubhead to planned position, and 

(16) look to the outcome. 

While no discernible structure existed for the practice group at baseline (i.e., pre-test), significant 

changes were observed after substantial task practice. More specifically, during pre-test 

examination, the group‘s mean dendrogram displayed only one cluster of basic action concepts. 

However, post-test examination as well as for retention-test examination of the group‘s mean 

dendrograms uncovered an increase in the number of functional clusters (see Figure 3). Statistical 

analyses of invariance revealed significant differences between pre- and post-test ( = 0.32) as well 

as between pre- and retention-test ( = 0.31). The BACs have become clustered into three 

functional units pertaining to the movement preparation phase and the swing phase. One cluster 

denoted the preparation of the putt with BAC 1 (shoulders parallel to target line), BAC 2 (align club 

face square to target line), BAC 3 (grip check), and BAC 4 (lock to the hole). A second cluster 

related to aspects of the forward swing with BAC 8 (rotate shoulders towards the ball) and BAC 9 

(accelerate club). Lastly, a third cluster related to clubhead-ball impact as indicated by a cluster 

including BAC 10 (impact with the ball) and BAC 11 (club face square to target line at impact).  
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Figure 3.Practice group‘s mean dendrograms for the golf putt at (a) post-test and (b) retention-test 

(n = 12; α= 0.05; dkrit = 3.41). 

Although the dendrograms for the post-test and retention-test both displayed a three cluster solution, 

one slight difference existed between the post-test and retention-test dendrogram. Namely, for the 

preparation phase, the post-test dendrogram consisted of three BACs (BAC 2 - align club face 

square to target line; BAC 3 - grip check; BAC 4 - lock to the hole), however, the dendrogram for 

the retention-test included one additional BAC (BAC 1 - shoulders parallel to target line). Despite 

this slight difference, the two cluster solutions of post- and retention-test are statistically considered 

the same ( = 0.68).  

To assess the degree of functional adaptation, the mental representations of the practice group was 

compared to the mental representation of expert golfers (n = 2). The adjusted rand index indicated 

that over the course of practice, the mean dendrograms of the practice group became more similar 

to those of experts. Specifically, when being compared to an expert structure, the mean 

dendrograms of the practice group developed from pre-test (ARI = 0.11) to post-test (ARI = 0.49) 

and retention-test (ARI = 0.70), with the adjusted rand index approaching the value ―1‖. That is, the 

cluster solutions became more similar to the reference structure (i.e., expert structure) over time. 

For the control group, results revealed no changes in the group‘s mental representation structure for 

the putt. More specifically, for pre-test as well as for post- and retention-test the group‘s mean 

dendrograms indicated no clustering of basic action concepts (see Figure 4). When being compared 

to the expert structure, the mean dendrograms of the control group did not indicate any development 

over time (ARI = 0 for pre-, post-, as well as retention-test). Each of the 16 BACs of the putting 

movement were treated as independent across pre-, post-, and retention testing.  

 

Figure 4.Control group‘s mean dendrograms for the golf putt at (a) post-test and (b) retention-test 

(n = 12; α= 0.05; dkrit = 3.41). 
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Discussion 

In the present study, we examined the development and change in both performance and the 

structure of the mental representation of a complex movement during early skill acquisition. The 

results clearly demonstrate order formation of action-related knowledge in long-term memory (i.e., 

changes in mental representation structure) that comes along with improvements in outcome 

performance over the course of practice. 

With respect to outcome performance, accuracy as well as consistency increased significantly over 

the course of the study
11

. That is, participants in the practice group did not only become more 

accurate but also more consistent in their putting performance. Thus, as we expected, novice 

golfers‘ outcome performance became better with practice. This result is in line with the power law 

of practice (Newell & Rosenbloom, 1981; Schmidt & Lee, 2005). The power function and its 

logarithmic relationships between practice trials and performance state that performance increases 

as a function of practice. According to Schmidt and Lee (2005), this is especially true for novices 

since, when being new to a task, there is much room left for improvement. Moreover, since 

performance improvements recorded at post-test persisted throughout retention test, it can be stated 

that improved outcome performance reflects skill acquisition as a result of motor learning.  

With respect to mental representation structure, the practice group‘s structure elicited changes over 

the course of practice while the control group, without practice, did not show changes in their 

mental representation structure. Consistent with our predictions, following practice the group 

dendrogram of the practice group indicated several meaningful clusters relating to the functional 

phases of the movement (i.e., preparation and forward swing). Moreover, the observed changes 

revealed a trend towards the representational structure of experts as shown by increases in adjusted 

rand indices from pre-, to post-, and to retention-test. Thus, the results of the present study clearly 

demonstrate that practice results in functional adaptations in the mental representation of complex 

action. That is, motor learning in early skill acquisition is accompanied by order formation of 

action-related knowledge in the direction of a functional structure of the movement. 

These findings extend those of Schack and Mechsner (2006) as well as those of Bläsing et al. 

(2009) who showed differences in mental representation structure in relation to differences in skill 

level. In these studies, high skill-level was characterized by high order formation, whereas low 

skill-level was characterized by low order formation. Contrary to such cross-sectional designs, a 

longitudinal design was chosen for the present study. In doing so, the present study was the first to 

show that the mental representation of a complex movement not only differs between subjects 

according to skill level, but develops over time within subjects during skill acquisition. The changes 

observed in the mental representation structures in the present study highlight initial functional 

order formation. In other words, preliminary increases in skill level were accompanied by initial 

changes in the mental representation structure toward an expert structure. 

The findings of the present study fit well into the large body of research on the learning of 

perceptual-motor skills, and especially the concept of different stages of skill acquisition (Anderson, 

1982, 1995; Fitts & Posner, 1967). According to Fitts and Posner (1967) proposing three phases of 

skill learning (cognitive, associative, and autonomous), skill acquisition starts with an early 

cognitive phase in which a novice attempts to understand a task and its demands regardless of 

whether the attempts are guided or not. In collecting information and acquiring knowledge, rules 

may develop resulting in order formation of action-related knowledge, and thus in a functional 

mental representation structure.  

                                                 
11

 Although accuracy and consistency increased significantly, a change in bias was not significant. This finding was due 

to the distribution of putts being dispersed uniformly about the hole in both the pretest and posttests. 
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Interestingly, while mental representation structures developed over the course of practice, no 

information on the movement was given besides that provided by the video prior to the pre-test. 

That is, participants of the practice group received no explicit instructions in terms of movement 

technique. This gives rise to the assumption that changes in mental representation structure take 

place during the process of learning without explicit guidance on what to pay attention to and how 

to perform the movement. This observation is in line with findings from other studies, suggesting 

that novices are able to accumulate knowledge that directs their performance, even in the absence of 

explicit instructions (e.g., Hardy, Mullen, & Jones, 1996). Relating to this, it is currently not clear to 

what extent explicit or implicit learning processes (cf. Masters, 1992) contribute to the development 

of mental representation structure of complex actions. Examining the effect of these learning 

strategies on skill representation may be a fruitful direction for future research.  

It is also important to note that, besides showing that repeatedly executing a movement leads to 

functional adaptations in ones mental representation, we were able to show, on the other hand, that 

not executing a movement does not lead to functional adaptations in ones mental representation. 

Specifically, the mental representation of the control group did not reveal any structure, neither at 

pre-test, post-test, or retention-test, and thus did not change. Hence, with the longitudinal design of 

the study, we were the first to show that participants, who were not practicing the task, revealed 

stable unstructured representations over time. Consequently, participants did not learn from the 

method itself. Taken together, by showing that the representation structure of the control group did 

not change over time, we were able to demonstrate that SDA-M is a reliable method for the 

investigation of representation structures over time.  

A potential limitation in the current study was that we did not examine whether the learned skill 

transfers to a related tasks. To this extent, we only focused on the persistence of the acquired skill 

over time, through the use of a retention test. Specifically, we retested subjects after a retention 

interval of 72 hours in order to differentiate between immediate performance improvements and 

persistent performance improvements (i.e., learning). However, it would be valuable to test for 

transfer in future studies, in order to examine whether the extent of skill transfer relates to mental 

representation structure. Moreover, investigating the relationship of performance and underlying 

mental representations on an individual level, rather than group level, may prove to be a valuable 

objective for future research. Specifically, future research should address the extent to which the 

degree of improvement in an individual's performance over practice coincides with the degree of 

development in their individual mental representation. 

To conclude, with the present study it was possible to answer the question if, during early stages of 

skill acquisition, performance improvement of a complex movement is accompanied by changes in 

the structures of one's mental representation in long-term memory. According to our results, order 

formation in mental representation structure develops in novices practicing a complex skill. 

Although the results of the present study exclusively relate to early skill acquisition, it is proposed 

that such changes in mental representation structure will proceed during further skill acquisition. It 

would be of interest to learn more about the evolution and the progress of order formation of action-

related knowledge, and its relation to learning curves, both on a group as well as an individual level. 

Therefore, changes in mental representation structure over the course of learning up to a suitable 

functional and high-level order formation will be a key issue for future research. Specifically, to 

examine ways to facilitate the development of mental representation structure during learning will 

be a main objective in the future. Focusing on the role of the structure of one‘s mental 

representation will hopefully shed further light on how to pave the way to expertise, the way to both 

high-level order formation and high-level performance. 
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1.3.3 The influence of attentional focus on the development of skill 

representation in a complex action
12

 
 
Abstract 

Recent research has indicated that performers' mental representation of a motor skill changes over 

the course of learning. In the present study, we sought to ascertain whether the type of instructions 

(instructions that emphasize either an internal or external focus of attention) influences the 

development of skill representation during motor learning. Participants without golf experience 

were recruited to practice a golf putting task over the course of three training days. Participants 

were randomly assigned to either an internal focus (focus on the swing of the arms; n = 10) or 

external focus (focus on the speed of the ball roll; n = 10) learning group. Changes in putting 

performance and mental representation structure were assessed over the course of learning, as well 

as during a follow-up retention test two days after practice. Mental representation structure was 

measured employing the structural dimensional analysis of mental representations (SDA-M), which 

provided psychometric data on the structure of the mental representation in long-term memory. 

Additionally, the change in putting accuracy and consistency was recorded over the course of 

learning. Findings indicated that the external focus group performed with greater accuracy and 

consistency during training, and revealed a larger degree of development in their mental 

representation of the putting task. Overall, our findings suggest that facilitating the link between an 

action and its effect by means of an external focus is crucial for motor performance as well as the 

development of skill representation. 

Introduction 

It has been well established that an individual's focus of attention can have important implications 

for motor performance (e.g., Beilock, Carr, MacMahon, & Starkes, 2002; Gray, 2004; Jackson, 

Ashford, & Norsworthy, 2006; Wulf, 2007). That is, what an individual focuses on during the 

execution of a motor task can greatly influence the quality and accuracy of the movement. To this 

extent, research has demonstrated that an external focus of attention (i.e., focus on the effects of the 

movement on the environment) can lead to greater performance accuracy (e.g., Wulf, Lauterbach, & 

Toole, 1999; Wulf & Su, 2007), reduced attentional/working memory demands (e.g., Wulf, 

McNevin, & Shea, 2001), reduced brain and muscle activity (e.g., Zachry, Wulf, Mercer, & 

Bezodis, 2004), reduced susceptibility to choking under pressure (e.g., Land & Tenenbaum, 2012), 

and overall better outcome performance (e.g., McNevin, Shea, & Wulf, 2003) compared to an 

internal focus (i.e., attention directed to the performer's own body movements) or irrelevant focus 

(i.e., attention directed to stimuli not pertaining to the task).  

Furthermore, one's focus of attention may also play an important role during the learning of a new 

motor skill. Research has indicated significant differences in motor skill acquisition as a result of 

how one focuses their attention (e.g., external or internal focus of attention) during learning (see 

Wulf, 2007). Traditionally, motor learning has been assumed to benefit from attention directed to 

the step-by-step components of skill execution (Wulf & McNevin, 2003). Instructions and 

feedback, therefore, are typically given to novices regarding various aspects of their movements. 

However, recent research suggests that skill acquisition is facilitated when attention is directed 
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externally to the effects of one‘s movement on the environment, and not the movements themselves 

(Castaneda & Gray, 2007; McNevin et al., 2003; Shea & Wulf, 1999).  

One such study that demonstrated the learning advantage of an external focus was conducted by 

Wulf et al. (1999). In the study, novice participants were required to practice a golf pitch shot under 

learning instructions that emphasized either an internal focus or an external focus of attention. 

Specifically, the internal learning group was instructed to focus on the swinging motion of their 

arms. In contrast, the external learning group was instructed to focus on the swinging of the golf 

club. Results from the study indicated that learners who adopted an external focus significantly 

outperformed (i.e., high accuracy scores) those who adopted an internal focus of attention during 

learning. Furthermore, a subsequent retention test on the following day revealed that the external 

learning group maintained a performance advantage even when no focus instructions were given. 

Similar findings were also reported by Wulf and Su (2007). 

The comparative learning benefits associated with an external focus compared to an internal focus 

have been observed across a variety of tasks such as ski simulators (Wulf, Höß, & Prince, 1998), 

golf pitch shots (Wulf et al., 1999), soccer throw-ins (Wulf, Chiviacowsky, Schiller, & Ávila, 

2010), and tennis backhands (Maddox, Wulf, & Wright, 1999). These learning benefits have been 

argued to result from promoting movements supported by automatic motor control processes, 

whereas, an internal focus is suggested to be ineffective and delay learning due to the conscious 

interferences with normal and automatic motor control processes (i.e., constrained action 

hypothesis; McNevin et al., 2003; Wulf, McNevin, et al., 2001; Wulf, Shea, & Park, 2001). 

Additionally, the benefits associated with an external focus have been linked to the coding of motor 

actions in long term memory. Drawn from the principles of ideomotor theory (James, 1890; Lotze, 

1852), Prinz‘s (1990), common-coding theory postulates that actions are represented in terms of 

their perceptual effects in the environment. Furthermore, it is suggested that a commonality exists 

between the representations underlying perception and action such that the anticipation of the 

perceptual consequences of an action act to prime the intended motor execution (see Hommel, 

Müsseler, Aschersleben & Prinz, 2001).  

Given that focusing on the effects of one's movements on the environment is thought to prime the 

associated motor execution, it is also likely that this same kind of focus is beneficial for acquiring 

the underlying sensorimotor representation linking actions to their effects (Hommel, 2007). That is, 

an external focus may also facilitate the integration of effector and perceptual processes during 

motor learning, and play an important role in the development of one‘s sensorimotor representation 

(Weigelt, Schack, & Kunde, 2007). 

During practice, researchers have suggested that task specific cognitive representations are acquired 

which act to guide the planning and execution of actions (Ericsson, 2007; Hommel et al., 2001; 

Schack & Ritter, (in press); Schmidt, 1975, 1976). According to the cognitive action architecture 

approach (CAA-A, Schack, 2004; Schack & Mechsner, 2006; Schack & Ritter, 2009), motor 

learning is considered as the modification and adaptation of such representation structures in 

memory. Specifically, Schack & Mechsner (2006) suggests that the representation of complex 

actions are organized within hierarchical memory structures comprised of cognitive units, referred 

to as basic action concepts (BACs). These BACs represent particular body postures (key elements 

of movements) and correspond to perceptual effects of movement events in order to organize motor 

coordination. Therefore, they are seen as cognitive tools in realization of action goals.Within the 

cognitive architecture of action, BACs are stored at a representational level and code the movement 

structure at a given level of expertise. Consequently, BACs are considered the major building 

blocks of cognitive representations, with the chunking and hierarchical ordering of the BACs 

reflecting the degree of expertise associated with a particular motor action. A number of studies 
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have shown, that motor expertise is functionally related to the degree of order formation of BACs in 

memory (e.g.,Bläsing, Tenenbaum, & Schack, 2009; Schack & Hackfort, 2007). Similarly,Elsner 

and Hommel (2001) propose that actions are controlled via representational units comprised of 

integrated motor structures along with their perceptual consequences. 

In order to investigate the structure of these representations in memory, Schack and Mechsner 

(2006) employed an experimental approach to examine differences in the structure of mental 

representations between expert, low-level, and novice tennis players. In their study, the authors 

investigated the players‘ mental representation of a tennis serve using the structural dimensional 

analysis of mental representation (SDA-M; Schack, 2004; 2012). The SDA-M analysis identifies 

the structural composition of skill representation through revealing the hierarchical and temporal 

structure of BACs within long-term memory. Findings from the study indicated that experts‘ 

representations were more elaborate compared to the non-experts‘ representations. Specifically, 

experts‘ representations were organized in a distinctive tree-like structure comprised of clusters of 

BACs relating to the biomechanical task demands, whereas the representations of novices and low-

level players‘ were organized less hierarchically and were unrelated to the functional demands of 

the task. In addition, experts‘ representations were highly similar across individuals, while lower 

skilled participants' representations were more varied. These findings highlight the significant 

differences in skill representation between performers of differing skill levels.  

Similar differences in representation structure between experts and novices have been found across 

a variety of complex motor skills such as windsurfing (Schack & Hackfort, 2007),  judo (Weigelt, 

Ahlmeyer, Lex, & Schack, 2011), and dance (Bläsing, Tenenbaum, & Schack, 2009), as well as in 

manual action tasks (e.g., Stöckel, Hughes, and Schack, 2011) and within special populations (e.g., 

stroke rehabilitation; Braun et al., 2007). The striking differences in representations found between 

performers of different skill levels support the assumption that motor learning leads to the 

development of skill representations which play an important role in the control and organization of 

actions (e.g., Elsner & Hommel, 2001).  

As a more direct test of this assertion, Frank, Land, and Schack (2013) recently investigated the 

development of mental representation structures during the early skill acquisition of a complex 

motor task. Using a longitudinal design, a group of novices practiced a golf putting task over the 

course of five training days. The structure of the participants' skill representations were assessed 

before and after training. Results indicated that along with improved putting proficiency, significant 

changes emerged within the practice group's mental representation. Specifically, prior to practice, 

no functional structure was evident within the group's mental representation. However, after 

considerable task experience, the practice group‘s representation structure reflected a shift towards 

a hierarchical organization of action concepts similar to that of more skilled players. In contrast, a 

control group, who did not practice the golf task, did not reveal any significant changes in skill 

representation between pre- and post-testing. These findings support the notion that functional 

adaptations of motor skill representations (i.e., changes in the representation structure which more 

closely resembles the movement phases of the motor skill) are closely tied to motor learning. 

While motor skill acquisition has been shown to be accompanied by the formation of representation 

structures in long term memory, it is currently unclear how different foci of attention affect the 

relative development of one‘s representational structure in the context of motor performance. Given 

that the sensory consequences of motor actions are considered an important component within 

sensorimotor representations (e.g., Ford, Hodges, & Williams, 2007), it may be likely that adopting 

an external focus during learning may facilitate the integration of perceptual effects during the 

formation of one's skill representation leading to a more refined representation structure. To explore 

this hypothesis, the purpose of the present study was to investigate the effect of different foci of 
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attention on the formation and development of representation structures in long term memory. More 

specifically, participants trained on a golf putting task under specific instructions to focus either on 

the swing of their arms (internal focus) or the velocity of the ball (external focus) over the course of 

three days. Differences in the participants‘ representational structure were examined via SDA-M 

before and after task practice and later during a follow-up retention test. It was predicted that 

training under an external focus would lead to better performance while also resulting in more 

elaborate memory structures consisting of hierarchical organized chunks of BACs functionally 

related to the motor structure of the movement. 

Method 

Participants 

Twenty students were recruited to participate in the present study. All participants were novice 

golfers without any previous golf experience. They were randomly assigned to either an internal (n 

= 10; mean age = 26.70, SD = 11.82; 5 female) or external focus (n = 10; mean age = 26.90, SD = 

5.11; 5 female) learning group. The study was conducted according to the local ethical guidelines, 

as well as conformed to the Declaration of Helsinki. Participants received 20€ for completing the 

study.  

Apparatus and SDA-M 

Golf putts were performed on a 4 x 9 m artificial indoor putting green to a simulated golf hole, 

which consisted of a thin black disc equal in size to a regulation golf hole (i.e., 10.8 cm in 

diameter). Participants performed the golf-putting task using a Taylor Made golf putter (TM-110) 

and Wilson Staff golf balls. The golf balls were covered with a retro-reflective tape to allow 

tracking with a motion capture system. Specifically, the golf balls were captured and tracked with 5 

T10 CCD cameras (Vicon Motion Systems, Oxford, UK) with a temporal resolution of 200 Hz and 

a spatial resolution of approximately 0.25 mm. From the subsequent three-dimensional coordinates, 

the final location of the ball after each putt was calculated (in X and Y coordinate space). Based on 

these two-dimensional coordinates, mean radial error and bivariate radial error were calculated. 

Mental representation structure was measured employing an experimental approach. Specifically, 

structural dimensional analysis of mental representations (SDA-M) was used to obtain 

psychometric data on the structure of mental representations of the putting movement in long-term 

memory (for details, see Schack, 2012). This method consists of four steps: (1) a splitting procedure 

to obtain the distances between the representation units (BACs) in memory, (2) a hierarchical 

cluster analysis to identify the memory structure, (3) a factor analysis to evaluate the feature 

dimensions of this memory structure, and (4) an analyses of invariance between individual or group 

specific memory structures. Three of the four steps were used in the present study in order to 

investigate mental representation structure. Since the structuring and not the dimensioning of the 

mental representations were of interest, factor analysis was not used in the present study. The 

splitting task, first step of this method, was performed in front of a computer with the screen 

displaying the BACs of the golf putt in randomized verbal lists. The experimental procedure took 

the N elements (in this case, 14) from the given set of BACs and selected one as an anchor to which 

the other N - 1 elements were assigned or not assigned according to an individually given similarity 

criterion (e.g., similarity or dissimilarity between concepts). BACs for the putt used in the present 

study were: (1) align shoulders parallel to target line, (2) align club face square to target line, (3) 

look to the hole, (4) rotate shoulders away from the ball, (5) sweep club away from the ball, (6) 

smooth transition, (7) rotate shoulders towards to ball, (8) accelerate club, (9) impact with the ball, 

(10) club face square to target line, (11) rotate shoulders through the ball, (12) sweep club past the 
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ball, (13) look to outcome, and (14) decelerate club.The BACs for the present study were adopted 

from Frank et al (2013), and further refined by a golf expert to improve clarity and accuracy. 

Participants were instructed to sort the lists of BACs according to their functional relevance during 

movement execution, i.e., whether or not two given BACs are related to one another while 

performing the movement. After all judgments were made with a particular anchor concept, another 

concept occupied the anchor position, and all other concepts were compared to the new anchor. As 

each concept took the position of anchor once, we obtained a total of N (14) decision trees whose 

nodes contained the subsets produced and whose edges had a negative or positive sign depending 

on whether the elements were assigned or not assigned to the anchor concept.  

Task and Procedure 

Participants trained on a golf putting task over the course of three days, followed by a retention test 

two days later. The putting task consisted of golf putts performed randomly from five distances 

equally spaced between 2 m and 5 m (2.0, 2.75, 3.5, 4.25, and 5.0 meters). The object of the task 

was to putt the ball as close as possible to the golf hole.  

At the start of training on day one, participants were shown a video demonstrating the golf putting 

task. The video consisted of an expert performer executing three putts. Next, participants completed 

the SDA-M for the golf putt. Following, participants again watched the video during which the 

specific attentional focus instructions consistent with their assigned learning group were given. 

Next, participants took ten warm-up putts (2 putts from each location) prior to training. For each of 

the three days of training, participants performed 180 total training putts (6 blocks of 30 putts; 6 

putts from each of the 5 locations per block). The order of the putts were randomized within each 

block over the 5 distances. A computer monitor adjacent to the putting green displayed a number 

(1-5) that corresponded to the start location of the upcoming putt. Participants were given a short 

break in between blocks, at which time they completed the manipulation check questionnaire. After 

the third and final day of training, participants again completed the SDA-M.  

Internal focus. Participants in the internal learning condition were instructed to focus on the 

swing of their arms and hands (cf. Bell & Hardy, 2009; Wulf et al., 1999). Specifically, participants 

were instructed to maintain firm wrists during the stroke. In other words, they should not have any 

bend in the wrists during the putting stroke. Maintaining firm wrists are considered to be a 

fundamental technique in successful golf putting (Pelz & Frank, 2000). The participants were 

reminded of the focus instructions after each block of putting, as well as a visual reminder "firm 

wrists" ("Feste Handgelenke" in German) was displayed on the computer monitor below the next 

trial location number. 

External focus. Participants in the external learning condition were instructed to focus on 

the proper trajectory and speed of the ball rolling to the hole (cf. Bell & Hardy, 2009; Land, 

Tenenbaum, Ward, & Marquardt, in press; Wulf, McNevin, Fuchs, Ritter, & Toole, 2000). The 

participants were reminded of the focus instructions after each block of putting, as well as a visual 

reminder "speed of ball roll" ("Geschwindigkeit des Balles" in German) was displayed on the 

computer monitor below the next trial location number. 

A retention test was given two days following the final practice day. All participants performed a 

final 30 putts (preceded by 10 warm-up putts; 2 from each location), as well as the SDA-M. No 

focus of attention instructions or reminders were given on the last day. 

Post Experimental Manipulation Check 
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After completing each block of putting, a questionnaire designed to gauge the extent to which the 

participants adopted the attentional focus strategies (adapted from Bell & Hardy, 2009) was 

administered to the participants. To examine adoption of the attentional focus instructions, they 

were asked to respond on a Likert scale ranging from 1 (not at all) to 5 (very much so) to the 

following two questions: (1) "to what extent were you focused on the movements of any part of 

your body during putting?", and (2) "to what extent were you focused on the speed of the ball 

rolling to the hole?" 

Dependent Measures and Data Analyses 

Outcome performance. To quantify outcome performance, the coordinates for the outcome 

location of each putt was recorded. From these coordinates, the mean distance each putt finished 

from the target (i.e., mean radial error), and the consistency in outcome locations (i.e., bivariate 

variable error) were calculated. Mean radial error (MRE) was calculated as the average distance of 

each putt outcome from the center of the target, in centimeters. For consistency, bivariate variable 

error (BVE) was as calculated by the square root of the k shots‘ mean squared distance from their 

centroid (see Hancock, Butler, & Fischman, 1995). To examine putting performance during the 

training phase, a 2 × 18 (group by block) mixed-design  analysis of variance (ANOVA) with group 

as a between subjects factor and time as a within subjects factor was performed on each of the two 

performance measures. Finally, for analysis of performance during the retention test, an 

independent t-test was performed between the two learning groups for each of the performance 

measures.  

Mental representation structure.Based on the participants' decisions during the splitting 

procedure, algebraic sums were computed for the positive (concepts judged as associated) and 

negative (concepts judged as not associated) subsets of each decision tree, and subsequently z 

transformed. In a second step, a hierarchical cluster analysis was performed to transform the set of 

items into a dendrogram. For all cluster analyses conducted, a critical value dcrit= 3.41 was chosen 

resulting from an alpha-level of  = .05. BACs linked together above this critical value were 

considered irrelevant, while BACs linked below this value (i.e., Euclidean distances below 3.41) 

were considered related. Next, differences between representation structures were examined across 

pre, post and retention tests, as well as between the internal and external focus conditions. 

Specifically, in order to compare differences between representation structures, a within- and 

between-group comparison of the cluster solutions was performed by determining the structural 

invariance () between cluster solutions.
13

According to Lander (1991), two cluster solutions are 

significantly different (i.e., variant) for < 0.68, which corresponds to an alpha level of p = 0.05, 

while two cluster solutions are invariant for  ≥ 0.68. In addition, the similarity of each group's 

mental representation structure with that of an expert representation structure was calculated using 

the Adjusted Rand Index (ARI; Rand, 1971; Santos & Embrechts, 2009). More specifically, the 

mental representation of an expert
14

, which reflected well the putting movement and its phases, was 

used as a reference for ARI calculations. The ARI serves as a measure of similarity on a range 

between -1 to 1, with larger values indicating a greater degree of similarity between two cluster 

solutions.  

Manipulation check. Similar to Bell and Hardy (2009), both between- and within-group 

comparisons were used to analyze attentional focus adoption. A between-group approach was 

utilized to determine whether or not the internal and external groups differed in their response to 

each of the two questions (e.g., whether the external group focused more on the speed and the 

                                                 
13

 For more details on the SDA-M analysis, please see Schack (2012). 
14

 The expert golfer held a United States Golf Association handicap of +0.2, and had 20 years of competitive golf 

experience. 
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internal group focused more on their body movements). For the comparison between groups, 

separate 2 × 4 (condition by day) repeated measures ANOVAs with condition as a between-subjects 

(BS) factor and day as a within-subjects (WS) factor were performed for each test item separately. 

A within-subject approach was additionally utilized to determine whether or not a participant would 

report a greater adoption of the relevant attentional focus consistent with their assigned group (e.g., 

whether a participant in the internal focus group would rate higher on adopting a focus on body 

movements compared to the speed of the putt). For the comparison within each group, separate 2 × 

4 (item by day) repeated measures ANOVAs with item and day as WS factors were performed for 

each group separately. 

Results 

Manipulation Checks 

To assess whether the participants had adopted the assigned attentional focus, responses to the two 

Likert rated attention questions were analyzed.  

 Between-group analysis. For item 1 (focus on body) , the omnibus RM ANOVA indicated 

a significant main effect of Condition, F (1, 18) = 48.14, p< .001, p
2
= .73, and more importantly a 

significant Condition by Day interaction, F (3, 54) = 16.72, p< .001, p
2
 = .48. Subsequent pairwise 

comparisons performed for each day indicated that the internal focus group reported significantly 

greater focus on the body compared to the external group during all three practice days (all p's < 

.001). However, on the final day of performance (retention test) no significant differences (p = .176) 

were observed between the two groups and their reported focus on body movements (see Table 1).  

Table 1. Mean (s) responses to the manipulation check questions across each study day for both 

internal and external learning groups. 

Group Item Day 1 Day 2 Day 3 Day 4 

Internal I1 4.27 (.47) 4.28 (.80) 4.25 (.69) 3.47 (.34) 

 I2 3.38 (.49) 2.85 (.71) 3.1 (.98) 3.2 (1.22) 

      

External I1 2.85 (.97) 2.30 (.73) 2.00 (.76) 3.73 (.49) 

 I2 4.01 (.68) 4.37 (.53) 4.30 (.72) 4.20 (.78) 

Note: I1 represents the responses to the question "to what extent were you focused on the movements of any part of 

your body during putting?" I2 corresponds to the question "to what extent were you focused on the speed of the ball 

rolling to the hole?" Responses were made on a Likert scale ranging from 1 (not at all) to 5 (very much so). 

Similarly, the Condition by Day RM ANOVA on item 2 (focus on speed) indicated a significant 

main effect for Condition, F (1, 18) = 13.38, p = .005, p
2
 = .43. Specifically, the external focus 

group reported adopting a greater focus on the speed of the ball compared to the internal focus 

group across all days (see Table 1). 

 Within-subjects analysis. A significant Item × Day interaction was revealed for each of the 

RM ANOVAs, F (3, 27) = 3.50, p = .029, p
2
 = .28 for the internal group; F (3, 27) = 7.74, p< .001, 

p
2
 = .46 for the external group. Follow-up pairwise comparisons performed for each day revealed 

that participants in the internal group reported focusing on body movements more so than the speed 
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of the putt during the practice phase of the experiment (all p's < .05). In contrast, the external focus 

group reported a greater focus on the speed of the ball than on body movements for each day of 

practice (all p's < .05). For the final test day in which no focus instructions were given, neither the 

internal (p = .523) nor external groups (p = .130) reported adopting a greater use of either an 

external or internal focus of attention (see Table 1).  

Outcome Performance 

Outcome performance was assessed in terms of both accuracy (i.e., MRE) and performance 

consistency (i.e., BVE). 

 Accuracy. Mean accuracy scores across both training and retention phase are illustrated in 

Figure 1. During the training phase, a 2 × 18 (group by block) mixed-model ANOVA indicated a 

significant main effect for block, F (3.84, 69.18) = 10.16, p< .001, p
2
 = .36, as well as, a 

significant main effect for group, F (1, 18) = 7.94, p = .011, p
2
 = .31. However, the Group × Block 

interaction failed to reach significance, F (3.84, 69.18) = 1.60, p = .064, p
2
 = .08. As can be seen in 

Figure 1, performance for both groups improved over the course of practice. Furthermore, the 

performance of the external learning group was significantly better than the performance of the 

internal learning group. 

Although the external focus group demonstrated greater accuracy during training, on the final 

retention test, an independent samples t-test indicated only a trend towards significance for an effect 

of learning group, t(18) = 3.75, p = .069, d = 1.77 (see Figure 1).  

 

Figure 1. Average distance from the target (MRE) for each block of practice (Day 1 – Day 3) and 

retention. 

Outcome consistency.During the training phase, a  2 × 18 (group by block) mixed-model 

ANOVA indicated a significant main effect for block, F (7.28, 131) = 12.63, p< .001, p
2
 = .41, as 

well as, a significant main effect for group, F (1, 18) = 8.59, p = .009, p
2
 = .32. However, a 
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significant Group × Block interaction was not found, F (7.28, 131) = 1.62, p = .133, p
2
 = .08. As 

illustrated in Figure 2, the consistency of performance improved for both groups over practice, with 

the external focus group displaying significantly more consistent performance over the course of 

training.  

Similarly, the external focus group demonstrated significantly more consistent performance during 

the retention test compared to the internal focus group. Specifically, an independent samples t-test 

indicated a significant effect of learning group, t(18) = 7.18, p = .015, d = 3.38  (see Figure 2). 

 

Figure 2. Bivariate variable error scores for each block of practice (Day 1 – Day 3) and retention. 

Mental Representation Structure 

The dendrograms presented in Figures 3 and 4 display the mean representation structures for each 

learning group at pretest, posttest, and retention. As can be seen in Figure 3a and 4a, neither the 

internal nor external focus learning group displayed any distinct clustering of basic action concepts 

prior to training. All branches of the dendrograms were above the critical value of dcrit = 3.42 (based 

on a significance level of 5%). However, discernible differences in structure existed for both 

learning groups after the third day of training (i.e., posttest). Specifically, the internal learning 

group's mean dendrogram displayed two significant clusters (p< .05) with the first cluster pertaining 

to the backswing phase of the putt (consisting of BACs 4 & 5: "rotate shoulders away from the ball" 

& "sweep club away from the ball") and the second cluster pertaining to the forward swing phase of 

the putt (BACs 9 & 12: "impact with the ball" & "sweep club past the ball") (see Figure 3b). 

Similarly, the mean dendrograms for the external learning group displayed significant changes over 

the course of practice. Three distinct clusters were revealed at the end of the practice phase (p< .05) 

(see Figure 4b). These three clusters related to the functional phases of the putting stroke which 

consisted of the movement preparation phase (BACs 1, 2, 3, & 10: "align shoulders parallel to 

target line", "align club face square to target line", "look to the hole", & "club face square to target 
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line"), the back swing phase (BACs 4 & 5: "rotate shoulders away from the ball" & "sweep club 

away from the ball"), and finally the forward swing phase (BACs 9, 11, & 12: "impact with the 

ball", "rotate shoulders through the ball", & "sweep club past the ball").  

While both groups displayed the formation of discernible memory structures from pre to posttest, 

statistical analysis of invariance indicated that the structures were significantly different from one 

another ( = .43; crit = .68; for more details, see Schack 2012). In order to examine whether this 

difference relates to a more functional development for the external learning group, adjusted rand 

index (ARI) values were calculated to indicate the degree of similarity between each learning group 

and an expert memory structure. Results indicated that the memory structure of the external 

learning group was more similar to that of the experts (ARI = .25) compared to the internal learning 

group (ARI = .06). Thus, the memory structure of the external learning group can be understood to 

have had a larger functional change compared to that of the internal learning group. 

Examination of the memory structures from post-test to retention indicated little to no change for 

either of the two learning groups (see Figure 3c and 4c). For the internal learning group, no changes 

were evident in the identified clusters from the post-test ( = 1; crit = .68). For the external learning 

group, only one change from post-test was observed. Specifically, the BAC, "club face square to 

target line" was no longer associated with the movement preparation phase. However, this exclusion 

did not result in a significant difference between the memory structure at post-test and retention ( 

= .69; crit = .68). Again, comparison of the memory structures at retention with the expert memory 

structure indicated that the external learning group‘s representation was more similar to that of the 

experts (ARI = .44) compared to the internal learning group‘s representation (ARI = .06). Thus, it 

appears that the functional changes that occur at the representational level as a function of learning 

remain stable over time. 

 

Figure 3. Mean dendrograms for the internal learning group from pretest (a), to posttest (b), and 

retention (c). The numbers on the horizontal axis relate to the BAC number, the numbers on the 

vertical axis display Euclidean distances. The lower the link between related BACs, the lower is the 

Euclidean distance between the corresponding BACs in long-term memory. The horizontal dotted 

line marks dcrit  value for a given α-level (dcrit= 3.41; α= .05): links below this line are considered 

statistically relevant. Horizontal grey lines on the bottom mark significant clusters of BACs. BACs: 

(1)  align shoulders parallel to target line, (2) align club face square to target line, (3) look to hole, 

(4) rotate shoulders away from ball, (5) sweep club away from ball, (6) smooth transition, (7) rotate 

shoulders toward ball, (8) accelerate club, (9) impact with ball, (10) club face square to target line, 

(11) rotate shoulders through ball, (12) sweep club past ball, (13) look to outcome, (14) decelerate 

club. 
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Figure 4. Mean dendrograms for the external learning group from pretest (a), to posttest (b), and 

retention (c). BACs: (1)  align shoulders parallel to target line, (2) align club face square to target 

line, (3) look to hole, (4) rotate shoulders away from ball, (5) sweep club away from ball, (6) 

smooth transition, (7) rotate shoulders toward ball, (8) accelerate club, (9) impact with ball, (10) 

club face square to target line, (11) rotate shoulders through ball, (12) sweep club past ball, (13) 

look to outcome, (14) decelerate club. 

Discussion 

The primary purpose of the present study was to examine the changes in the cognitive 

representation of golf putting over the course of learning under instructions that emphasized either 

an internal or external focus of attention. Consistent with our hypothesis, learners who adopted an 

external focus of attention during training indicated greater putting accuracy and consistency 

compared to learners who were instructed to adopt an internal focus of attention. Similarly, a 

follow-up retention test indicated that the external learning group was significantly more consistent 

in their putting outcomes, with a trend towards greater accuracy. These findings replicate a large 

body of research supporting the performance benefits associated with instructions that induce an 

external focus of attention (for a review, see Wulf, 2013). Furthermore, the rather immediate 

performance advantage associated with the external focus condition is consistent with a number of 

studies in this area (e.g., Totsika & Wulf, 2003; Wulf et al., 1999; Wulf, Weigelt, Poulter, & 

McNevin, 2003, Exp. 1). More importantly, however, along with improved putting performance, 

the results of the SDA-M analysis indicated that the cognitive representations of the external focus 

learners were more elaborate, better reflected the biomechanical demands of the task, and were 

more similar to the representations of expert golfers. 

Prior to training on the golf putting task, both the external learning group and the internal learning 

group displayed a lack of organization in their cognitive representation of the golf putt. That is, 

neither group revealed significant clustering of basic action concepts in long term memory. 

However, after three days of task practice, the emergence of functional structures of basic action 

concepts (i.e., clusters pertaining to a specific movement phase) were evident in both the internal 

and external learning groups. For both learning groups, these clusters were related to the 

biomechanical demands and functional phases of the putting task. Specifically, two discernable 

clusters pertaining to the backswing phase and forward swing phase of the golf putt were revealed 

in the memory structure of the internal learning group. However, the external learning group 

displayed a significantly more elaborate cognitive representation consisting of three functional 

clusters relating to the preparation phase, backswing phase, and forward swing phase of the golf 

putt. Subsequent comparison with the memory structure of an expert representation revealed that 

the structure of the external learning group was more similar to the ideal representation than those 

of the internal learning group.  
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These findings are in line with a number of studies which have examined the cognitive 

representations of complex movements (e.g., Bläsing et al., 2009; Schack & Mechsner, 2006; 

Weigelt et al., 2011). Specifically, differences in skill level have been reliably shown to result in 

discernible differences in memory structures between novices and experts such that high level skill 

is associated with memory structures that are organized in a distinct tree-like hierarchy and are well 

matched to the biomechanical demands of the task (Schack & Mechsner, 2006). In contrast, low 

skilled performers have been shown to have memory structures which are less hierarchically 

organized with structures unrelated to the functional demands of the task (Bläsing et al., 2009). 

More closely related, the work of Frank et al., (2013) provided evidence for the development of 

representational structures over the course of motor learning. Similar to the findings in the present 

study, participants displayed no significant structure within their mental representation at the onset 

of training. However, after training, the practice group displayed clear signs of representation 

development with functional clusterings of BACs related to the biomechanical phases of the golf 

putt. These findings along with the findings of the current study support the idea that motor learning 

can be considered in terms of the modification and adaptation of representation structures in long 

term memory (e.g., Elsner & Hommel, 2001; Schack & Ritter, 2009). Furthermore our results 

indicate an overlap between the adaptation of motor performance and modification of memory 

representation within the course of motor learning.  

In general, results from the present study support the assumption that focusing on the external 

effects of an action during motor learning plays an important role in the development of one's 

representation structure. Specifically, learners who adopted an external focus during learning 

revealed more elaborate representations than those who adopted an internal focus. Research has 

demonstrated that the sensory effects of an action are an important part of one's representation (e.g., 

Koch, Keller, & Prinz, 2004). To this extent, learning the associations between an action and its 

effect is seen as a crucial component of skill acquisition (Elsner & Hommel, 2001). According to 

Elsner and Hommel's (2001) two-stage model for motor learning, the first stage of learning is the 

acquisition of contingencies between a movement and its effect. In this regard, acquiring these 

associations lead to the formation of cognitively represented sensorimotor components which form 

the basic functional units of action representation  (Hommel & Elsner, 2009). Furthermore, 

extended practice has been found to lead to stronger associations between an action and its effect 

(e.g., Elsner & Hommel, 2001; Kunde, Hoffmann, & Zellmann, 2002; Kunde, Koch, & Hoffmann, 

2004; Prinz, 1997). 

Consistent with this ideomotor viewpoint, we suggest that the learning benefit associated with an 

external focus is due in part to the enhanced integration of effector and perceptual processes 

brought about by focusing on the sensory consequences of the movement. Facilitating the cognitive 

association between an action and its effect is viewed to have lead to the development of more 

elaborate sensorimotor representations (i.e., clusterings of BACs) as the motor system would be 

more sensitive to the perceptual consequences of the motor action. In contrast, adopting an internal 

focus during learning would hinder the ability of the system to make associations between the 

movement and its effect, leading to less elaborate sensorimotor representations as observed in the 

current study. Additionally, once the association between an action and its effect has been 

integrated within the representation, the anticipation of the movement effect becomes an effective 

retrieval cue of the associated movement (Stage 2 of Elsner and Hommel's model), which further 

aids performance (Hommel & Elsner, 2009). 

Finally, the follow-up retention test revealed little to no change in the memory structures of the two 

groups suggesting that these changes are relatively permanent. This finding is consistent with the 

literature on motor learning which suggests that the learning process results in "relatively 

permanent" change (Guthrie, 1952). However, it would be important for future research to track the 
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development and retention of cognitive representations over an extended time period to confirm 

these findings. In this direction, it would also be informative to examine whether the training 

advantages of an external focus, both in terms of performance and skill representation, persist 

relative to an internal focus over training periods spanning months or years.  Additionally, it would 

likewise be interesting to evaluate the change in motor memory structures given different perceptual 

feedback (e.g., visual, auditory, proprioceptive, multisensory) during learning in relation to focus of 

attention.    

Conclusion 

The present study extends a long line of research supporting the learning benefits associated with an 

external focus of attention. Specifically, findings from the study indicate that facilitating the link 

between an action and its effect by means of an external focus is important for motor performance 

as well as the development of skill representation. While these findings provide important insights 

into the mechanisms behind skill acquisition, more research on the factors that influence the 

development of skill representations over the course of learning is needed. For instance, the 

influence of implicit and explicit learning on representation development would be an interesting 

and insightful step in this direction.  

Importantly, the present study also provides evidence for the utility of the SDA-M method to 

distinguish between representation structures of similarly skilled participants. Largely the research 

employing SDA-M has been geared towards examining differences between experts and novices or 

groups that vary largely in task performance. However, the present study indicates that this method 

is also useful for identifying differences in memory structures when differences in outcome 

performance are more subtle. As a result, this method may prove useful in future research to 

distinguish the training factors critical for the development of skill representations, and thus expert 

performance. 
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1.3.4 From action representation to action execution: Exploring the 

links between cognitive and biomechanical levels of motor control
15

 
 
Abstract 

Along with superior performance, research indicates that expertise is associated with a number of 

mediating cognitive adaptations. To this extent, extensive practice is associated with the 

development of general and task-specific mental representations which play an important role in the 

organization and control of action. Recently, new experimental methods have been developed 

which allow for investigating the organization and structure of these representations, along with the 

functional structure of the movement kinematics. The current article presents an architecture model 

which addresses links between biomechanical and cognitive levels of motor control and reviews the 

state of the art in assessing memory structures underlying complex action. In a second step, a new 

spatio-temporal decomposition method for illuminating the functional structure of movement 

kinematics is presented. Finally, we apply these methods to investigate the overlap between the 

structure of motor representations in memory and their corresponding kinematic structures. Our aim 

is to understand the extent to which the output at a kinematic level is governed by representations at 

a cognitive level of motor control.   

Introduction 

Research on expertise in sports has shown that skilled performance is based not only on physical 

ability, but equally on task-specific cognitive competences. During extensive practice, relevant 

mental representations are formed, adapted, and re-organized in such a way that flawless 

performance is progressively facilitated, based on increasing order formation in the athlete‘s long-

term memory. According to the perceptual cognitive perspective, actions are planned and performed 

on the basis of structured cognitive representations of action effects in motor memory (Hoffmann et 

al. 2007; Hommel et al. 2001; Mechsner et al. 2001; Schack & Mechsner, 2006). Furthermore, 

because these representations govern the tuning of motor commands and muscular activity patterns, 

skillful coordination occurs when appropriate mental representations of the motor task and action 

goals are constructed (Schack & Ritter, 2012). In order to illustrate how these processes can be 

conceptualized and explored empirically, we will present studies investigating the organization of 

task-related cognitive structures, and the way these structures correspond to functional components 

of skilled movement performance. Additionally, we will present a new empirical approach for 

linking these mental structures to the structures observed within the movement kinematics. Before 

we turn to the methodological aspects of these studies, we will first present the underlying 

theoretical conceptualization of the cognitive architecture of human motor action, beginning with 

the concept of mental representations whichis fundamental to this approach.  

Mental Representations of Human Motor Action 

The idea that cognitive representations plays an important role in motor control is reminiscent of 

classical ideas in psychology, such as the ―ideomotor‖ approach adopted by Lotze (1852) and James 

(1890) in the 19th century or the model-theory studies of the construction of movement presented 

by Bernstein (1947) in the middle of the 20th century.James wrote for instance 1890 in his now 
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seminal workThe Principles of Psychology: ―We may …lay it down for certain that every 

representation of a movement awakens in some degree the actual movement which is its object‖ (p. 

526). Recently, the term mental representation has been widely used in a large variety of 

disciplines, often with rather diverse content. Gilbert and Wilson (2007) have stated: ―the mental 

representation of a past event is a memory, the mental representation of a present event is a 

perception, and the mental representation of a future event is a plan.‖ Even though this definition 

sounds viable, it might not be sufficient for our purposes. Mental representations were first 

discussed in the philosophy of language, referring mainly to linguistic representations. Later, the 

issue was adapted by other disciplines such as philosophy of mind and psychology, and various 

theories have been formulated to describe the nature of mental representations. From these 

theoretical perspectives, the functionalistic one seems most relevant in our context, as it states that 

mental representations predominantly play a functional role for the cognitive system. According to 

this approach, the function of mental representations is to make situations and objects cognitively 

available that are otherwise physically unavailable – in this respect, they are the only way to make 

non-actual situations and objects available for thinking and acting (Vosgerau, 2009).  

Several authors have reflected upon the nature of mental representations of actions (e.g., 

Rosenbaum, Meulenbroek, Vaughan and Jansen, 2001), and it has been argued that even mental 

representations of static objects are dynamic in nature, as they are derived from and based on  

dynamical action representations, which are evolutionarily more relevant for controlling behavior 

than representations of static scenes or objects (Freyd, 1987). In the context of the studies presented 

in the following, we refer to mental representations in terms of states of mind that correspond to 

experiences, and to the physical reality of objects and movements. Such internal representations 

arise from exposure to sensory stimuli, are multimodal, and refer to objects or events that we 

perceive in our environment via the processes of perception and processing in our brain (Barsalou, 

2008). Mental representations occur on different levels and, due to the nature of our nervous 

system, can be independent of the actual presence of the object that they refer to in the world. Our 

ability to store such representations is the basis of our ability not only to learn and to anticipate what 

will happen in the future, but also to make plans and predictions. Wilson (2002) points out that our 

cognitive apparatus can even construct mental representations of situations that we have never 

experienced, purely on the basis of linguistic input. Mental representations thereby play a central 

role in the control and organization of actions, serving as ―organizers of activity‖ (Steels, 2003). In 

cognitive systems, internal representations co-evolve together with corresponding actions and 

become vehicles for higher mental functions, such as thinking and planning (Steels, 2003). As a 

consequence, these representations stay closely connected to the actions they serve (Glenberg, 

1997), resembling them most crucially in terms of structural similarity (Johnson-Laird, 1989). 

Mental representations are therefore vital for learning complex movements and movement 

sequences, for refining and adapting learned movements to the requirements of actual situations, 

and for automatizing movement patterns on an expert level. Expert performance in sports is 

typically characterized by a high degree of control and a sense of clarity, which can arise based on 

regularities in the mental representation that allow for relieving cognitive load, or, as Wilson (2002) 

has put it, for circumventing the ―representational bottle neck‖ In contrast to such automatized 

simulation processes, mental imagery involves the conscious and deliberate manipulation of mental 

representations in working memory (Barsalou, 2008). 

Representations as a Basis for Action Control 

Current perspectives in cognitive psychology suggest that actions are represented in terms of their 

anticipated perceptual effects (e.g., Prinz, 1997; Knuf, Aschersleben & Prinz, 2001; Hommel, 

Müsseler, Aschersleben & Prinz, 2001). Interestingly, these perspectives resonate with the earlier 

ideas of Bernstein (1967, 1996a, 1996b) regarding  the construction and control of movements. 
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Prior to the current perspectives, Bernstein had already pointed towards the large number of degrees 

of freedom in the human motor system, the need for continuous processing of sensory feedback to 

control this highly redundant system, and the importance of the anticipation of movement effects 

for movement organization. Bernstein (1967, 1996a, 1996b) proposed a model of the construction 

of movements according to which different organizational (and evolutionary) levels interact to 

generate and control different types of movement. These levels are thought to interact not simply in 

a fixed hierarchical manner, but their mode of interaction and hierarchical organization depends on 

the type of movement task and the level of expertise of the performer. Bernstein‘s model claims that 

movements are constructed on the basis of five levels described as 1) paleokinetic regulation 

(regulation of muscular tonus and basic postures, including tonic reflexes), 2) synergies (dynamical 

stability of movement, rhythmic and cyclic movement patterns), 3) movement in space (spatial 

orientation and object manipulation), and 4) action (volitional control of movements, object-related 

action, focus of attention), and 5) symbol coordination (symbolic action control, speech).  

Bernstein's model reflects the general idea that movement control is based on representations which 

serve intentional movement planning, and that these representations reflect the functional 

movement structure. Alongside Bernstein's approach to the construction of action, there have been 

several formulations of the idea that movement control is constructed hierarchically. The model 

proposed here views the functional construction of actions (Maycock, Dornbusch, Elbrechter, 

Haschke, Schack, & Ritter, 2010; Schack, 2004; Schack & Ritter, 2009) on the basis of a reciprocal 

assignment of performance-oriented regulation levels and representational levels (see Table 1). 

These levels differ according to their central tasks on the regulation and representation levels. Each 

level is assumed to be functionally autonomous. 

Table 1.Levels of motor action (modified from Schack, 2004; Schack & Ritter, 2009). 

Code Level Main function Subfunction Tools 

IV 

Mental 

control 

Regulation 

Volitional initiation  

control strategies 

Symbols; strategies 

III 

Mental  

representation 

Representation 
Effect-oriented  

adjustment 
Basic action concepts 

II 

Sensorimotor 

representation 

Representation 
Spatial-temporal 

adjustment 

Perceptual representation  

Internal models 

I 
Sensorimotor 

control 
Regulation Automatization 

Motor primitives 

basic reflexes 

 

Both control levels, the level of sensorimotor control (I) and the level of mental control (IV), serve 

the main function of regulation, whereas level of sensorimotor representation (II) and the level of 

mental representation (III) are representational, and are closely connected to the two regulation 

levels. Levels I and II could be understood as responsible for the functional manipulation of objects 

and events, whereas levels III and IV can be assigned a more distal focus on objects and events. All 

levels are connected and interact with each other, but are functionally autonomous.  
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The level of sensorimotor control (I)is based on movement primitives and directly linked to the 

environment. It is induced perceptually, built on functional units composed of perceptual effect 

representations, afferent feedback, and effectors. The essential invariant, or set value, of such 

functional units is the representation of the movement effect within the framework of the action. 

The system is broadly autonomous, and automatisms emerge when the level of sensorimotor control 

possesses sufficient correction mechanisms to ensure the stable attainment of the intended effect. 

Studies of patients with impaired motility showed that the execution of movements can best be 

realized via anticipated sensory effects, and that such direct sensory effects are the crucial invariant 

of movement control (e.g., van der Weel, van der Meer, & Lee, 1991).  

Modality-specific information representing the effects of the particular movement is stored on the 

level of sensorimotor representation (II). The relevant sensory modalities might change as a 

function of the level of expertise in the learning process and as a function of the task context. 

Grasping movements, for instance, are associated with kinesthetic, tactile, visual, and (in part) 

auditory feedback. This involves the representation of perceptual patterns of exteroceptive and 

proprioceptive effects that result from particular movements and refer back to the action goal. 

During the first steps of learning a novel complex motor action in sports, visual information is often 

used to monitor body posture and movement timing. In later stages of the learning process, 

proprioceptive information gains increased meaning, and aspects related to body position and 

timing are no longer needed to be monitored consciously. During the learning process, movement 

automatization is characterized by increasingly adequate correction mechanisms between levels I 

and II.  

The level of mental representation (III) predominantly forms a cognitive workbench for the level of 

mental control (IV). The level of mental representationis organized conceptually, and is responsible 

for transforming the anticipated action effects into movement programs that sufficiently bring about 

desired outcomes. According to Bernstein (1967), an action is a structure subdivided into details, 

and action organization therefore has to possess a working model of this structure, containing the 

topology and spatiotemporal effects of the action. Mental representations of movement structures 

that serve this purpose are located within the level of mental representation (III), and are based on 

the conceptual building blocks of action (Basic Action Concepts) that will be described in the 

following section.  

The level of mental control (IV) is induced intentionally and is relevant for the anticipation of 

effects. Movements are planned, controlled and performed with reference to the anticipated effects, 

or intended goal postures (e.g., Rosenbaum & Jorgensen, 1992; Rosenbaum, Vaughan, Barnes & 

Jorgensen, 1992; Kunde & Weigelt, 2004). Findings from such studies suggest the existence of a 

mental model of the action, including its outcome, to which all control processes can be related. 

Level IV comprises functional components of volition or mental control, such as the coding of 

intended effects into action goals. Specifically in the context of sports, instructions and self-applied 

strategies for focusing attention and stabilizing performance are important aspects of mental control 

on this level. 

Representation units in motor action 

Perceptual-cognitive approaches propose that motor actions are formed by cognitive representations 

of target objects, movement characteristics, movement goals, and the anticipation of potential 

disturbances. Movements can be understood as a serial and functional order of goal-related body 

postures (Rosenbaum, Meulenbroek, Vaughan, & Jansen, 2001) and their transitional states. 

Furthermore, the link between movements and perceptual effects is bi-directional and based on 

information that is typically stored in a hierarchical fashion in long-term memory.  
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Based on Schack‘s Cognitive Architecture model (see Table 1), complex movements can be 

conceptualized as a network of sensorimotor information. The better the order formation in 

memory, the more easily information can be accessed and retrieved. This leads to improved motor 

performance, which reduces the amount of attention and concentration required for successful 

performance. The nodes within this network contain functional subunits, or building blocks, that 

relate to motor actions and associated perceptual and semantic content. These building blocks, 

termed Basic Action Concepts (BACs)can be understood as representational units in memory that 

are functionally connected to perceptual events; or as functional units for the control of actions at 

the level of mental representation, linking goals at the level of mental control to perceptual effects 

of movements. Such BACs are activated by representations of starting conditions and deactivated 

by effect representations, both at the perceptual level. Conceptually, BACs are differentiated from 

motor programs or motor schemata according to Schmidt (see Schmidt, 1975), schemata according 

to Arbib (see Arbib et al., 1987), and motor primitives (see Mussa-Ivaldi & Bizzi, 2000). 

Underlying neurocogntitive theories state that actions are represented in functional terms as a 

combination of action execution and the intended or observed effect, or movement goal (Prinz, 

1997; Hommel, Müsseler, Aschersleben, & Prinz 2001; Knuf, Aschersleben, & Prinz, 2001; Koch, 

Keller, & Prinz, 2004). BACs can be regarded as cognitive tools for the execution of actions such as 

complex movement tasks in sports (see Schack, 2004). Within these tasks, BACs serve the purpose 

of reducing the cognitive effort necessary for controlling the action. The same applies to actions 

performed in everyday life, as their successful execution often depends on experience and thereby 

requires a level of expertise the performer is hardly aware of.  

Altogether BACs can be viewed as the mental counterparts of functionally relevant elementary 

components or transitional states of complex movements. They are characterized by recognizable 

perceptual features. They can be described verbally as well as pictorially, and can often be labeled 

with a linguistic marker. "Turning the head" or "bending the knees" might be examples of such 

basic action concepts in the case of, say, a complex floor exercise. As mentioned above, each 

individual BAC is characterized by a set of closely interconnected sensory and functional features. 

For example, a BAC in tennis like ”whole body stretch motion” is functionally related to providing 

energy to the ball, transforming tension into swing, stretching but remaining stable, and the like. 

Afferent sensory features of the corresponding submovement that allow monitoring of the initial 

conditions are bended knees, tilted shoulder axis, and body weight on the left foot. Re-afferent 

sensory features that allow monitoring of whether the functional demands of the submovements 

have been addressed successfully are muscles stretched and under tension, proprioceptive and, 

finally, perhaps visual perception of the swinging arm and ball in view. 

BACs are stored at a basic level of representation and are investigated and defined by experimental 

methods (like reaction time-measurement) or with the help of biomechanical methods. Altogether 

the methods are used to learn about the basic body postures of a particular movement and their 

mental counterparts in memory. The number of BACs that can be assigned to a given movement 

task depends on the complexity of the task, on the way it has been learned and trained, and on the 

level of expertise of the addressee. It is hardly possible to define BACs without the extensive 

feedback and cooperation of persons who master the task with varying levels of expertise, taking 

into account their different types of knowledge. Consequently, it is important to take the experience 

of teachers into account, and to also look at the way the task is actively structured during learning 

and training, as concepts that emerge during training are likely to remain intact as scaffolding in 

long-term memory. During the experimental procedure, BACs can be represented as pictures or 

verbal labels that are meaningful to the participants in order to trigger movement-related long-

termmemory content. Pictures and verbal labels differ slightly in the way they address mental 

representations. Presenting an action in pictures instead of words commonly allows for a higher 
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temporal resolution, however, dynamical cues cannot be represented in static pictures unless the 

stimuli are augmented by verbal terms or symbols (e.g., arrows). Furthermore, pictures represent 

very short time segments that have a clear temporal order within the action, whereas verbal terms 

can relate to longer-lasting and synchronous partial actions. 

Measuring Mental Representations 

Concrete research questions can be derived from the architecture model presented here. We shall 

focus on two of these: (1) Is it possible to use experimental methods to confirm specific expertise-

dependent (and, hence, learning-level-dependent) structures in long-term memory (LTM)? (2) Is the 

structure of mental representations in LTM formed more by the spatiotemporal effect structure of 

the movement or by muscle and joint constraints? 

In principle, there are two methodological approaches to the experimental study of mental 

representation structures: to determine them from response behavior or to determine them from 

reaction times. Whereas the first approach has been used for the study of order formation in LTM, 

the second approach should be used only to ascertain chunk structures in working memory. Schacks 

architecture model proposes that not only the LTM structure of mental representations but also the 

exploitation of working-memory capacity serve a notable function in the organization of movement 

acts. It assumes that working memory forms a unit that is structurally and functionally distinct from 

LTM. A particular interesting method to measure structures of mental representation in LTM , the 

so called Structure Dimensional Analysis (SDA) method has been originally developed by Lander 

and Lange (1996) in cognitive psychology for ascertaining relational structures in a given set of 

concepts, and adapted by Schack (2001) for analyzing representations of movements (Structure 

Dimensional Analysis – Motorics, SDA-M).This experimental approach has been documented in 

several contributions (Hodges, Huys and Starkes, 2007; Schack, 2004; Schack and Hackfort, 2007; 

Schack and Mechsner, 2006, Schack, 2012). Importantly, the method does not ask the participants 

to give explicit statements regarding their representational structures, but rather reveals this 

structure by means of knowledge-based decisions in an experimental setting. Altogether, the SDA-

M consists of four steps: First, a special splitting procedure requires one to subjectively differentiate 

whether or not a given BAC is "functionally close" to another, or not.A randomly selected BAC is 

presented as the standard unit, or anchor, and all other BACs are displayed below the anchor in a 

randomly ordered list. One after another, each BAC is subjectively compared for similarity to the 

anchor. Thereby, the list of BACs is split into two subsets, a positive (―close‖) and a negative (―not 

close‖) set, which are then repeatedly submitted to the same procedure, until every BAC has been 

compared to every other. Based on the participants' decisions, the program sums the positive and 

negative subsets separately and delivers anEuclidian distance scaling between the items (BACs). 

Second in the process, a hierarchical cluster analysis is used to transform the set of items into a 

dendrogram. 

Third, a dimensioning of the cluster solutions is performed through a factor analysis linked to a 

specific cluster-oriented rotation process, resulting in a factor matrix classified by clusters. Finally, 

because the cluster solutions can differ both between and within individuals, a within- and between-

group comparison of the cluster solutions is performed using a structural invariance measure 

lambda to determine their structural invariance (Lander, 1991; Schack, 2010). The structural 

invariance measure is determined based on three defined values: the number of constructed clusters 

of the pair-wise cluster solutions, the number of items within the constructed clusters, and the 

average quantities of the constructed clusters. The lambda value is calculated as the square root of 

the product of two factors; one factor being the weighted arithmetic mean of the relative average 

quantity of the constructed clusters, the other one being the proportional number of clusters in the 

compared cluster solutions. 
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SDA-M can be applied in two alternative modes, a direct and an indirect scaling mode. In the direct 

scaling mode, participants make direct judgments about the functional equivalence of pairs of BACs 

(BAC x BAC: pairs of BACs are judged as closely or not closely related to each other). In the 

indirect scaling mode, decisions concerning the functional relationship of BACs are made on the 

basis of features (e.g., spatial, temporal or force parameters of a given movement) that are assigned 

to the BACs, with the BACs serving only as anchors, and features being judged as belonging or not 

belonging to the anchor in the context action (BAC x features: features are judged as closely or not 

closely related to anchor BACs). To determine classification probabilities of features in relation to 

BACs, the initial z-matrix is transformed into a probability matrix (p-matrix), consisting of p-values 

that indicate the classification probabilities of features to individual BACs belonging to clusters. 

Both modes of the SDA-M method include a hierarchical cluster analysis that reveals clusters of 

BACs (step 2); the difference is that in the indirect scaling mode the features are predefined, 

whereas in the direct scaling mode the concept dimensions can be accessed via a factor analysis 

(step 3).  

Previous Studies Investigating Mental Representation Structures 

In the past, the SDA-M method  has been used to study differences between groups who vary in 

their experience with cognitive or motor tasks. In the following, examples of such studies will be 

given to demonstrate the broad spectrum of potential applications of the Cognitive Architecture 

approach.  

Schack and Mechsner (2006) applied the SDA-M method to investigate participants`mental 

representations of the tennis serve by comparing the structures of high-ranking tennis players, low-

ranking players, and novices. With the help of tennis experts and coaches, 11 BACs were defined 

for the tennis serve in relation to the functional movement structure that can be derived on the basis 

of biomechanical movement parameters. According to this structure, the tennis serve consists of a 

pre-activation phase that serves to build up tension energy, the strike as the main functional phase 

during which the energy is conveyed to the ball, and the final swing during which the racket is 

decelerated and the body is brought back into a stable position. The results of the study showed that 

the mean group cluster solution of the high-ranking players corresponded to the functional 

movement structure, reflecting the three functional phases. The low-ranking players` cluster 

solution combined the strike and the final swing into one cluster that was differentiated from the 

pre-activation phase. The novices` solution did not contain any clusters, reflecting a lack of 

functional order formation within this group. Thus, the authors found that the mental representation 

structure of the experts were well matched to the functional and biomechanical demands of the task, 

whereas, the low-ranking and novice players‘ representations were less hierarchically organized and 

not matched to the biomechanical demands of the task. 

Similarly, Bläsing, Tenenbaum, and Schack (2009) applied the SDA-M method to compare the 

mental representations of classical dancers varying in expertise level and dance novices. Mental 

representations of two well-defined movements from a classical dance repertoire were investigated 

in professional ballet dancers, advanced ballet amateurs, amateur beginners, and sport students 

without any dance training experience. The pirouette en dehors, a turn on one leg, and the petit pas 

assemblé, a small jump, were chosen because of their high level of familiarity among dancers, even 

on a beginner level, and because they differ characteristically. The pirouette contains a preparatory 

sequence and is often presented with specific emphasis, whereas the petit pas assemblé generally 

occurs as part of a sequence of small and quick footwork, including various small jumps. For both 

movements, BACs were defined with the help of dance experts, teachers, relevant literature, and 

functional phases relating to the biomechanical structure of the movement. The results for the 

pirouette revealed that the mean cluster solutions of both groups of professional dancers and 
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advanced amateurs corresponded to the functional phases, with only one minor difference (the 

erroneous inclusion of one BAC into a cluster by the amateurs, whereas the BAC was singled out 

by the professionals). The beginners`cluster solution differed largely from the others and did not 

show much alignment with the functional phases, and the novices hardly formed any relevant 

clusters. For the pas assemblé, no difference was observed between the two groups of amateurs. 

Amateurs and novices formed clusters that included all BACs and were similar to the clusters 

formed by the experts, only the experts` cluster solution reflected the dynamical initiation of the 

jump, corresponding to the functional phases.  

In a second study with almost identical groups of participants, the SDA-M method was applied in 

indirect scaling mode (BAC x feature), in which the BACs appear only as anchors, and features are 

sorted in relation to these anchors (Bläsing & Schack, 2012). The same movements were used, and 

the BACs defined for the first study were presented as anchors. Spatial direction labels as features 

were related to these anchors, and the participants were instructed to answer positively for spatial 

directions which they associated with a given BAC within an egocentric reference frame, according 

to their own motor imagery of the movement. Results showed that for the pirouette, only the 

professional dancers` mean cluster solution contained one cluster that clearly corresponded to the 

main functional phase and associated this phase with relevant directions (up, front, and close). The 

amateurs` mean cluster solution did not result in any functional clusters, and the novices' did not 

contain any clusters at all. For the assemblé, professionals`and amateurs`cluster solutions were 

similar, and both associated the main functional phase with its relevant spatial directions (up, right), 

whereas in the novices group, neither the cluster solution nor the associated direction labels 

corresponded to functional movement parameters.  

The SDA-M method has not only been applied to compare task-related cognitive representations of 

experts to those of novices, but also to monitor differences between developmental stages. In a 

study on anticipatory motor planning in children, Stöckel, Hughes, and Schack (2011), investigated 

the end-state-comfort (ESC) effect in children aged 7, 8, and 9 years. Additionally, the children 

took part in an SDA-M task with pictures of a hand grasping common objects (glass, scissors, 

hammer) in different ways, with three grasp postures being obviously uncomfortable, three being 

very comfortable, and three being intermediate in grasp comfort. Children were told a story about 

two families, one with the habit of doing everything in a comfortable and efficient manner, and the 

other with the habit of doing things chaotically and inefficiently, and were asked to decide if the 

displayed stimulus pairs belonged to the same family or not. Only the 9-year old children produced 

a cluster solution with two clusters, one of which contained the three extremely uncomfortable and 

uncommon grasps linked with extremely short Euclidean distances, and the other cluster combining 

the six remaining rather comfortable grasps. In combination with the results of the ESC experiment, 

the results of the study showed that the 9-year old children showed a better ability to plan 

movements to end in comfortable postures and had more distinct representations of comfortable and 

uncomfortable grasp postures compared to children aged 7 and 8 years. Furthermore, both abilities 

were found to be related, as children who clustered by grasp comfort also showed the ESC effect, 

whereas children who did not cluster by grasp comfort performed less consistently in the ESC task, 

suggesting that cognitive representations of grasp postures are crucial for manual posture and action 

planning. 

In the presented studies, the SDA-M method was applied to investigate general differences in 

cognitive skill representation between participants of varying levels of expertise or developmental 

stages. For this purpose, mean cluster solutions of groups of participants were compared, with each 

group representing a defined level of expertise and cluster solutions being understood as typical for 

this expertise level. The studies did not, however, pay attention to cluster solutions of individual 

participants within these groups, nor inter-individual differences in cognitive movement 
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representations. This individual approach was taken by Weigelt, Ahlmeyer, Lex & Schack (2011), 

who studied the mental representations of a Judo throwingtechnique (Uchi-mata) in judoka who 

were competing on the national team level. The individual cluster solutions of two of the eight 

participants examined in this study were compared post-hoc to the mean group cluster solution, 

which represented the functional movement phases as expected. The individual cluster solutions 

differed in details from the mean cluster solution and functional reference structure, reflecting 

individual preferences and technical differences as well as weaknesses in the judokas` performance. 

The authors point out that such differences, interpreted with accuracy and care, can reveal subtle 

flaws in the technical skills of the athlete and can be used by an expert coach to improve and adapt 

further training.   

Comparison between individual cluster solutions and group average cluster solutions representing 

typical cognitive representations have also been used in the context of rehabilitation. Braun et al. 

(2007) used SDA-M to analyze the mental representations of a common everyday activity, in this 

case drinking from a cup, in elderly patients recovering from stroke. Sixteen patients 3-26 weeks 

after their stroke took part in the study as part of their rehabilitation program, along with sixteen 

matched controls. SDA-M was applied using pictures representing the action sequence, augmented 

with arrows indicating movement directions if necessary. The results of all participants were 

regarded individually. The sixteen control subjects produced very similar cluster solutions 

consisting of either three clusters corresponding to three functional action phases, or two clusters, 

combining the second and third phase into one cluster. The stroke patients` cluster solutions 

differed more strongly; four patients with relatively minor motor and cognitive impairments showed 

results that resembled those of the control group, whereas the remaining 12 patients showed results 

that differed largely from those of the control group and from each other. These results were 

characterized by a weak functional integration of BACs, resulting in many BACs being singled out 

(i.e., not belonging to any cluster), ranging from incomplete functional over non-functional clusters 

to a total absence of clusters. The study showed that SDA-M can be applied as a tool in 

rehabilitation as well as in sports or dance, even in patients with reduced motor and cognitive 

capabilities.  

Finally, Bläsing, Schack, and Brugger (2010) used SDA-M as a novel approach to investigate the 

mental representation of the body and body parts. Different types of body representations, including 

the most common body schema and body image, and empirical methods to differentiate between 

them experimentally have been a major topic in recent discussions among cognitive psychologists, 

neuroscientists, and philosophers. Such discussions are challenged and inspired by case studies with 

individuals that differ from the norm in terms of their physical body and, consequentially, its neural 

and mental representation. In this case, the authors compared two individuals with congenitally 

missing limbs, one of them with congenital phantoms of arms and legs, to three groups of 

participants, including persons matched to the two individuals in age and occupation, sport students, 

and paralyzed persons from a wheelchair sports team. In this study, body parts (e.g., eye, thumb, 

knee) and activities related to body parts (e.g., pointing, writing, walking) were used as items 

instead of BACs, in order to evaluate the mental representations of the participants` own bodies. 

The results revealed a high similarity between the cluster solutions for the three groups, 

characterized by a clear somatic modularity, as has been proposed for the body schema (Haggard & 

Wolpert, 2005). The cluster solution of the individual with congenitally missing limbs and 

congenital phantom limbs, the existence of which had been affirmed in several previous studies 

using behavioral and neurophysiological methods, differed only slightly from the groups` cluster 

solutions, showing the same modular structure. The result of the individual with congenitally 

missing limbs who had never experienced any phantoms, however, differed largely from this 

modular structure, but rather reflected the individual`s typical use of his body in everyday activities, 

providing evidence for an action-based influence on the adaptive body representation (Haggard & 
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Wolpert, 2005). The findings from this study suggest that the SDA-Mmethod might provide 

empirical access to the body schema, which is inextricably linked to the motor system and is 

constantly involved in the planning and execution of motor actions (de Vignemont, 2010). 

The striking differences in representations found between high- and low-level performerssupport 

the assumption that motor learning leads to the development of task-specific representations which 

play an important role in the control and organization of actions (e.g., Elsner & Hommel, 2001). 

According to skill acquisition theories (e.g., Anderson, 1982, 1993, 1995; Fitts & Posner, 1967), the 

cognitive mechanisms governing task performance are refined over the course of learning. To this 

extent, learning can be viewed as the modification and adaptation of representation structures in 

long-term memory (Schack, 2004, Schack & Ritter, 2012). 

To directly test this assertion, Frank, Land, & Schack (2013) recently investigated the 

developmental change in mental representation structures over the course of early skill acquisition 

of a complex motor task. Specifically, the authors employed a longitudinal design in which a group 

of novices practiced a golf putting task over the course of five training days. Both the change in 

participants' putting performance as well as the developmental change in the structure of the 

participants' mental representations were assessed before and after training. Results indicated that 

along with improved putting proficiency, significant developmental changes emerged within the 

practice group's mental representation as a result of task practice. Specifically, prior to practice, no 

functional structure was evident within the group's averaged mental representation. However, after 

the end of the five day training protocol, the practice group‘s representation structure reflected a 

shift toward a hierarchical organization of action concepts similar to that of more skilled players. In 

contrast, a control group, who did not practice the golf putting task, did not reveal any significant 

changes in mental representation over a similar five day period. These findings support the notion 

that functional adaptations of mental representations are closely tied to motor learning. 

In order to build upon this finding, Land, Frank, & Schack (in review) asked whether the type of 

training instructions given to participants as they practiced a motor task could influence the rate of 

representation development during learning. Research in the area of training and feedback has 

indicated that the type of attentional focus induced by training instructions can significantly impact 

the quality and rate of skill acquisition. To this extent, instructions that promote an external focus of 

attention (i.e., attention given to the effects of the movement on the environment) can lead to 

improved motor learning and retention (e.g., Wulf, Lauterbach, & Toole, 1999), reduced working 

memory demands (e.g., Wulf, McNevin, & Shea, 2001), reduced susceptibility to performance 

pressure (e.g., Land & Tenenbaum, 2012), and overall, better outcome performance (e.g., McNevin, 

Shea, & Wulf, 2003). Given that the sensory consequences of motor actions are considered an 

important component within mental representations (e.g., Ford, Hodges, & Williams, 2007), it 

appears likely that focusing on the sensory effects of one's movement (i.e., an external focus) during 

learning may act to facilitate the integration of perceptual effects during the formation of one's 

mental representation, leading to a more refined representation structure. 

To explore this question, Land et al., (in review) examined the developmental change in 

participants' representation structures as a function of instruction type. Specifically, novice 

participants trained on a golf putting task over the course of three training days. For half of the 

participants, training instructions were given to direct attention to the external effects of their 

movement (i.e., the roll of the golf ball). For the other half of participants, instructions were given 

such that attention was directed internally to the execution of the movement (i.e., focus on the 

swing of the arms). At the conclusion of practice on the third day, results indicated that both 

training groups displayed improved putting performance along with significant functional changes 

in their underlying mental representation. That is, their memory structures were more elaborate, 
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better reflected the biomechanical demands of the task, and were more similar to the representations 

of skilled golfers. However, a comparison between the external and internal learning groups 

revealed significant differences in both performance and representation structure. The performers 

who were given instructions that directed attention to the sensory consequences of their movement 

(i.e., external group) significantly outperformed the group who trained while focusing on skill 

execution. Additionally, the representation structure of the external learning group was significantly 

more elaborate and more functionally similar to skilled golfers than those of the internal focus 

learning group. These findings highlight that the association between movements and their 

perceptual effects are crucial for learning. To this extent, findings suggest that instructions which 

emphasize an external focus of attention aid the integration of perceptual effects during the 

development of mental representations. These findings furthermore give credence to the assertion 

that sensory consequences of motor actions are an important component within mental 

representations.      

Investigating the Relationship Between Representations and Motor Organization 

The results of the aforementioned research indicate a clear relationship between mental 

representations and motor performance. Specifically, these findings support the hypothesis that 

voluntary actions are planned, executed, and stored in long-term memory by means of reference 

structures comprised of BACs. Central to this perspective, mental representations are functionally 

considered to guide the motor organization during the realization of action goals. In this regard, 

these representations serve as a cognitive reference for the creation of motor patterns. Given that 

movements are structured and controlled via these representations, an important theoretical 

advancement would be to identify direct links between mental representations and movement 

kinematics in the fulfillment of action goals.    

In this direction, Schack (2003) investigated the relationship between mental representations of 

gymnastic somersaults and the underlying movement kinematics amongst gymnasts of varying skill 

levels. The results indicated significant correlations regarding the space and time of the movement 

between kinematic parameters and the structural relationship between BACs within the motor 

representation. For instance, a significant negative correlation was found between the angular 

velocity of the somersault and the Euclidean distance between two nodes within the representation 

structure related specifically to the initiation of the twisting motion (i.e., 'twisting arms and hips' & 

'extend hip'). In other words, participants who displayed a closer representational relationship 

between these two mental nodes produced higher degrees of angular velocity, consistent with 

skilled gymnastics performers.  

In a similar investigation, Schütz, Klein-Soetebier, & Schack (2009) were able to show that key 

biomechanical parameters of a table tennis serve could be modeled based on the mental 

representation structure of the participant. Specifically, the movement kinematics and the mental 

representations of nine table tennis experts were recorded, with results indicating that movement 

duration and ball flight parameters were predictable based on the Euclidean distance between select 

representation nodes. For example, the movement duration of the table tennis strike could be 

predicted by the representational distance between the individual BACs 'move racket backward' and 

'move racket downward and forward'.   

The implications of these two studies indicate that representational structures can be used to predict 

select kinematic parameters of movement for a given task. Specifically, the relationships between 

local subsets of BACs within a representation structure have been found to be associated with 

spatial and temporal aspects of movement. However, given that mental representations serve as a 

reference structure for the unfolding of a movement pattern, it would be important to find a direct 
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link between the structure of the representation and the overall structure of the movement on a more 

global level. For this to occur, however, a proper method for decomposing a movement into its 

structural features must be proposed, which we will do in the following section.      

Spatio-Temporal Kinematic Decomposition of Movement 

The modern technologies of motion tracking provide researchers with a wealth of kinematic data on 

the full-body movements of humans, animals, and various robotic platforms. In order to explore this 

rich data, we have created computationally feasible algorithms for decomposing movements into 

independent spatio-temporal features directly from the captured kinematic signal. The proposed 

approach is useful for understanding, interpreting, and modeling complex movements in systems 

possessing many degrees of freedom, and provides a means for examining the overall structure of a 

movement. 

The following algorithms have been tested on recorded movements from classical ballet and 

golf,and they allow us to estimate the level of movement expertise, draw the detailed structures of 

arbitrary complex movements, and automatically classify them into a given repertoire. 

From our work on the kinematic analysis of complex full-body movements in classical ballet (see 

Volchenkov & Bläsing, 2012), we show that a movement tracked by a motion tracking system 

(MTS) can be understood in terms of a hierarchy of major and minor scales, in which the spatial 

and temporal components can be separated and studied independently. Based on our Spatio-

Temporal Kinematic Decomposition (STKD) method, the major structure of a movement can be 

assessed. Specifically, the affinity between markers is identified by measuring the distance between 

them in the largest scale of kinematic signal, and by visualising the results via a dendrogram. This 

approach reveals the functional relationship between markers by their geometric proximity. The 

typical character of movement is featured by the few major scales, while the minor scales determine 

the individual movement traits and can uniquely disclose the individual level of movement 

expertise, uneven distribution of the fine motor skills, and the emotional character of an individual. 

The functional separation of scales can explain why we can perceive movements categorically (for 

example, as the highly stylized figures of classical ballet).  

STKD procedure 

To track ballet movements (as in Volchenkov and Bläsing, 2012), we used a MTS (Vicon Motion 

Systems, Inc.) based on 12 high-resolution cameras outfitted with IR optical filters and rings of 

LED strobe lights streaming data at 200 fps; the cameras detected the 3-dimensional spatial 

positions of passive retro-reflective spherical body markers with millimeter accuracy. Markers were 

attached to key anatomical locations according to the standard Vicon full-body marker placement 

protocol (Plug-in Gait). 

Scale decomposition of kinematic data 

The MTS delivers positional data for N markers, across T time frames (T >> N) at the rate of 200 

fps, in the form of a rectangular 3N × T matrix M = (x1, y1, z1, . . ., xN, yN, zN), in which the 

consequent triples of columns, xk = (xkt1
 , . . . , x ktT

 )
T
, yk = (ykt1

 , . . . , y ktT
)
T
, zk = (zkt1

 , . . . , z ktT
)
T
, 

represent the Cartesian coordinates of the markers k = 1, . . ., N, at the sequent time frames = t1, . . 

., tT . The T sign indicates transposition. The data matrix M is factorized using the singular value 

decomposition (SVD),  
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(1)                                                    ,
3

1




 
N

s

sssVUM vu  

where the ⊗sign stands for the outer product of vectors, U is a 3N × 3N unitary matrix with the 

columns us representing the left singular vectors of M, V is a T × 3N unitary matrix with the 

columns vs representing the right singular vectors of M, and is a 3N × 3N diagonal matrix of 

ordered non-negative scale factors (singular values): 1>2 ≥  ... ≥ 3N> 0. A number of smallest 

singular values can be equal to zero if the MTS suffers from optical occlusion. Moreover, a number 

of left and right singular vectors can belong to the same singular value if the matrix M enjoys an 

exact spatio-temporal symmetry. However, while processing the actual motion tracking data, we 

have never encountered multiple singular values. If all singular values of M are non-degenerate and 

non-zero, then the factorization (1) is unique, up to simultaneous multiplication of the left and right 

eigenvectors by the same unit phase factor. The left singular vectors form an orthonormal basis for 

the spatial arrangement of markers, (us, us')R
3N  = s,s', with respect to the inner product in R

3N
. The 

right singular vectors are orthonormal with respect to the inner product in R
T
, (v, v')R

T  =', 

forming a basis for the temporal sequences of kinematic data. With the use of (1), the kinematic 

signal M is decomposed into a weighted, ordered sum of separable matrices , sss vu in which 

the information about the spatial arrangement of markers corresponding to the singular value s  is 

represented by the vector us separately from the vector vs, giving an account of the temporal 

evolution. For each non-degenerate singular value, the separable matrix 
 sss vu  is a rank-one 3N 

× T matrix describing a one-dimensional mapping of spatial locations of markers to the sequent 

time frames that correspond to the synchronous motion of all markers (although with variable 

velocity) along straight lines. Namely, the trajectories of markers specified by the consequent triples 

of columns 
         s

k

s

k

s

k

s

k  ,,, ,, zyxr   of the matrix 
 sss vu can be described mathematically using  

a single spatial dimension. Let us denote with
 s

k


the unit vector, tracing the direction of the linear 

motion of the k
th

 marker at the scale k, 
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and the amplitude function of the linear motion common for all markers by  
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Then, the trajectory  kr  of the k
th

 marker recoded by the MTS can be represented by the ordered 

sum of linear trajectories,  

(2)       .,    , 1

3

1

T

N

s

s

s

kk tt 





r  

The SVD of trajectories into linear components given by (2) is obvious for the motion of a single 

marker (see Fig. 1) along a planar elliptic trajectory segment. In such a simple case, the components 
 1


 and 

 1


 are nothing but the major and minor axes of the ellipse. It is clear that the amplitude 
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functions for the bigger and smaller scales of motion are     11 sin  and     22 sin , 

respectively. 

 

Figure 1. The scale decomposition of a plane elliptic trajectory segment. 

Application of SVD in data analysis is similar to the well-known principal component analysis and 

Fourier analysis (see Jollife, 1986).By setting the small singular values to zero, we obtain the 

minimal set of independent spatio-temporal features, ordered according to the scales of motion, 

which then approximate the original data with a maximal precision. Namely, for l < 3N, the 3N × T 

matrix  
  








1s

sssM vu renders the best least square approximation to M of the rank-ℓ, with an 

error smaller than the first neglected eigenvalue ℓ+1. By neglecting the scales s>ℓin (1) and 

consequent recombination of the kinematic signal, we can filter out unsolicited scales of motion 

(e.g., small scale movements of markers fixed on the clothing instead of the skin, movements of 

skin and tissues relative to the skeletal system, etc.) Despite certain computational similarity, the 

method of SVD differs essentially from the latent variable models, such as factor analysis, which 

use regression modeling techniques to test hypotheses producing error terms. The decomposition 

(1) does not involve any statistical hypotheses, being a purely descriptive technique. 

Analyzing movement structures 

Scale decomposition of tracked movements can be used as a base for the functional alignment of 

markers. Spatio-temporal relationships between different body parts in evolving movements can be 

visualized by a dendrogram representing the relative distance between markers on the largest scale 

of movement through the horizontal branch length. In accordance with (2), a motion can be 

understood in terms of a hierarchy of scales evolving by   s . The lowest level of this hierarchy 

corresponds to fast, low-scale movements of markers fixed on the clothing relative to the body, 

whereas the highest levels encode relatively slow, large-scale movements of the skeletal system. 

Although a detailed analysis of the functions   s  lies beyond the scope of the present paper, it is 
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worth mentioning that they typically constitute strongly anharmonic oscillations, indicating that the 

relationship between force and displacement at each movement scale is strongly non-linear. 

Being primarily concerned with the movement on its largest scale, we note that its structure is 

determined in (2) by the spatial arrangement of vectors 
 1

k


in association with the markers k = 1, . . 

., N . For each marker, the magnitude of the corresponding vector  1

k


can be considered as a 

relative measure of its mobility on the movement scale s, since the total path of the k-marker is 

proportional to the corresponding magnitude,    



Tt

t

sk

1

1






. The degree of affinity between a pair 

of markers, k1and k2, can be attested on the largest scale of the movement by means of the 

Euclidean distance between the related vectors, 

(6)                                                        ., 11

21 21 kkkkd 


  

It is customary to reproduce the matrices of all-to-all distances in the form of a dendrogram by 

placing closely-related markers in the same mold. To preserve the structure (6) as much as possible, 

we use the standard neighbor-joining tree-generating algorithm (Felsenstein, 2004). We search the 

matrix (6) for the closest markers, and then connect them into a block. Once the markers are 

connected, they are removed from the distance matrix and replaced by the block connecting them. 

The neighbor-joining algorithm continues until all N markers are connected in a tree, and each 

branch acquires a length,with length being interpreted as the estimated number of substitutions 

required to resolve the block. The functional contingency between blocks of markers on the largest 

scale of the movement is disclosed by their geometric proximity in the resulting dendrogram. In 

spite of all participants sharing roughly the same anatomy and performing the same movements, the 

structures of calculated dendrograms can be substantially different in terms of individual movement 

features and level of movement expertise (Volchenkov & Bläsing, 2012). 

Representing functional alignment of markers in the pirouette en dehors 

In Figs. 2 and 3, we have shown the neighbor-joining dendrograms representing the functional 

alignment of markers in thepirouette en dehors performed by a professional ballet dancer and a 

novice, respectively. To visualize spatio-temporal relationships between markers on the major scale 

of recorded movements, we have used the TreeViewsoftware, which is freely available on the 

internet(see Page, 1996). The pirouette en dehors, a controlled turn away from the supporting leg, is 

one of the most difficult of all ballet steps that can be executed with single or multiple rotations. 

The proper turning technique includes a periodic, rapid rotation of the head that serves to fix the 

dancer‘s gaze on a single spot, helping her to maintain control over the body (known as spotting). 

This rotational movement requires highly-defined coordination and constant adjustment of the body 

axis in order to be performed with the required stability and accuracy (Schack, 2001). The rhythmic 

structure of the pirouette en dehors is described by Tarassow (2005) as four measures in two-four 

time, the first two measures containing the preparation, and the second two measures containing the 

turn and conclusion. According to this approach, the pirouette en dehors consists of two parts, the 

preparation and the actual turning movement. Both of these parts can be dissected again; the 

preparation can be broken down into two rhythmically-separated sections, whereas the turn segment 

consists of the actual turning movement and the opening to the front that concludes the turn. The 

dendrogram shown in Fig. 2 discloses the functional structure of the pirouette en dehors on the left 

leg, executed by an expert. On the largest scale of the movement, the pirouette starts (at the upper 

right corner of the dendrogram) with the function of body alignment by arranging legs in the proper 

position: the right foot is placed in front of the left foot, both turned outward. The right foot slides 
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to the side (tendu, or dégagé), which concludes the body alignment phase. The spring tension is 

built up for the turn during the tension build-up phase, as the right foot moves back and is placed 

behind the left one and the knees bend (plié). At the beginning of the turn phase, both legs push into 

the ground and the left (supporting) leg adopts point or demi-point position (on the toes or on the 

ball of the foot, respectively), while the right knee is bent and the right foot is pulled up to the knee 

of the supporting leg. During the turn, the head is rapidly whipping around, which helps the dancer 

to maintain balance. Eventually, in the landing phase concluding the turn, the right foot is placed 

behind the left one, and the knees bend and stretch (plié). The arms open, and the arms and torso are 

used to cease rotation. It is important to mention that each functional phase elicited from the 

dendrogram shown in Fig. 2 can be ascribed directly to the functional phases of the pirouette en 

dehorsas defined in Bläsing et al (2009) via the Basic Action Concepts (BACs), the keypoints 

within the functional structure of the movement which are stored in the long-term memory of a 

dancer.  
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Figure 2. Functional alignment of markers in pirouette en dehors performed by a professional 

ballet dancer. The standard Vicon Plug-in Gait marker notations are used. 

In contrast to the movement sequence executed by the professional dancer, the movement of a 

novice performer inappropriately starts simultaneously in both legs, and turning starts prematurely, 

while straightening the knees (see Fig. 3).  In the turning phase, the movements are allocated to the 

superior iliac spine. The head apparently does not play a role until ceasing the movement.Instead, 

the vigorous hand movements play a major role in maintaining the body's rotation, which is a 

common mistake among beginners. 
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Figure 3. Functional alignment of markers in pirouette en dehors performed by a student. The 

standard Vicon Plug-in Gait marker notations are used. 

Linking Mental and Kinematic Structures 

Given that the STKD procedure identifies the underlying kinematic structure of movements (see Fig 

2), we are able to examine whether the organization and structures found within the mental 

representations share common structural features with those found in the movement kinematics. To 

provide a first glimpse into this overlap, we examined the movement kinematics and mental 
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representations of a golf swing in 9 participants (Mage = 32.3, SDage= 10.6, 6 male) of varying skill 

levels (0 to 50 years of golf experience). Specifically, movement kinematics of a golf swing were 

captured using a 3-dimensional motion tracking system (Vicon Motion Systems, Inc.) in which 

markers were placed on the anatomical landmarks of the body consistent with the standard Vicon 

full-body Plug-in Gait marker placement protocol. The subsequent marker trajectories for each trial 

were subjected to the STKD analysis (presented above) to produce a dendrogram of hierarchical 

couplings of movement trajectories, indicating the kinematic structure of the movement. 

Likewise, the mental representation of the golf swing was procured for each participant through the 

SDA-M  analysis (see Schack, 2004; 2012). The SDA-M identified the structural composition of 

mental representationsby revealing the hierarchical and temporal structure of BACs within long-

term memory. In order to assess the underlying mental representation on a level consistent with the 

kinematic structure revealed by the STKD approach (i.e., coupling between body segments), we 

utilized verbal labels indicating body parts as the representation units for the splitting task, the first 

step of the SDA-M. These verbal labels consisted of body parts relating to the tracked body 

segments in the motion-captured kinematic data
16

. The resulting mental representationsignified the 

functional relationship between body segments involved in the golf swing movement in long-term 

memory. The use of body parts as part of the SDA-M method has been successfully shown to 

distinguish between individuals with differing body representations in relation to a particular motor 

task (e.g., Bläsing, Schack, & Brugger, 2010).  

The basis for the comparisons between the representational structure and the kinematic movement 

structure resides in the Euclidean distance matrices derived from both the STKD and SDA-M 

analyses. The distance matrix obtained from the SDA-M method is comprised of the Euclidean 

distances between concepts (body parts) as represented in feature space based on the results of the 

SDA-M splitting procedure. For the distance matrix obtained from the STKD method, the matrix 

contains the Euclidean distances between body markers within the major spatio-temporal scale of 

movement. From these two matrices, the hierarchical structure of the movements were derived, and 

thusly compared. More specifically, we computed both mean group dendrograms and individual 

dendrograms for both the mental representation and kinematic data via cluster analysis. For all 

cluster analyses conducted, the critical value dcrit= 5.64 was chosen,relative to an alpha-level of  = 

.001. Nodes linked together above this critical value were considered unrelated, while BACs linked 

below this value (i.e., Euclidean distances below 5.64) were considered related. According to 

Schack(2012), two cluster solutions are invariant (i.e., not significantly different) for > 0.68, while 

two cluster solutions are significantly variant for < 0.68. Additionally, the correlation between the 

distance matrices was examined as a measure of overall relatedness of structural couplings of body 

parts on a mental and physical level.  

Results of our analyses indicated a high degree of consistency and similarity between the structure 

of mental representations and movement kinematics. Examination of group mean dendrograms for 

both the mental representation structure and the major movement kinematic structure revealed a 

significant similarity between the two structures ( = .71; crit = .68; for more details, see Schack 

2012). That is to say that the structure revealed in the memory representation was statistically 

equivalent to the movement structure revealed by the STKDprocedure (see Fig.4). Specifically, 

both the representation structure and kinematic structure displayed two distinct clusters representing 

the upper and lower body (p< .001). However, one difference emerged between the two structures 

in regard to the body segment "hips", such that in the mental representation, the hips were coupled 

                                                 
16

 The body parts used as concepts within the SDA-M procedure, and subsequently tracked via motion capture, 

consisted of 1) head, 2) chest, 3) left shoulder, 4) left elbow, 5) left hand, 6) right shoulder, 7) right elbow, 8) right 

hand, 9) hips, 10) left thigh, 11) left knee, 12) left foot, 13) right thigh, 14) right knee, and 15) right foot. 
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with the functional relevance of the upper body, whereas the kinematic structure indicated that the 

hips were more closely coupled to the movement of the lower body. In this case, a mismatch exists 

between the group mental and group kinematic structure. Additionally, a comparison of the mental 

and kinematic structures on an individual level revealed that 5 out of 9 individuals displayed 

significantly similar structures (M = .63, SD = .09; crit = .68). Figure 5 displays the similarity in 

the mental and kinematic structures for a single  participant (  = .71; crit = .68). Interestingly, the 

degree of task experience was not related to the degree of similarity between representation and 

kinematic structure (p> .05). 

 

Figure 4. Mean dendrograms for the mental representation (a) and swing kinematics (b). The 

numbers on the horizontal axis relate to the concept number, the numbers on the vertical axis 

display Euclidean distances. The lower the link between related concepts, the lower is the Euclidean 

distance between the corresponding concepts in feature space. The horizontal dotted line marks dcrit  

value for a given α-level (dcrit= 5.64; α= .001): links below this line are considered statistically 

relevant. Concepts: (1)  head, (2) chest, (3) left shoulder, (4) left elbow, (5) left hand, (6) right 

shoulder, (7) right elbow, (8) right hand, (9) hips, (10) left thigh, (11) left knee, (12) left foot, (13) 

right thigh, (14) right knee, (15) right foot. 
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Figure 5.Individual dendrograms from one participant for the mental representation (a) and swing 

kinematics (b). The numbers on the horizontal axis relate to the concept number, the numbers on the 

vertical axis display Euclidean distances. The lower the link between related concepts, the lower is 

the Euclidean distance between the corresponding concepts in feature space. The horizontal dotted 

line marks dcrit  value for a given α-level (dcrit= 5.64; α= .001): links below this line are considered 

statistically relevant. Concepts: (1)  head, (2) chest, (3) left shoulder, (4) left elbow, (5) left hand, 

(6) right shoulder, (7) right elbow, (8) right hand, (9) hips, (10) left thigh, (11) left knee, (12) left 

foot, (13) right thigh, (14) right knee, (15) right foot. 

In addition to the structural invariance measures based on the cluster solutions, significant 

correlations were evident between the mental and kinematic distance matrices. These correlations 

represent the degree of similarity between the coupling of body segments in feature space, as 

defined by the SDA-M and STKD procedures. Specifically, the group mean mental and kinematic 

distance matrices indicated a strong and positive correlation (r = .629, p< .001). As such, there is a 

close relationship between the relative body segments in both memory and physical execution. 

Likewise, significant correlations were evident on an individual level. For all participants, the 

correlation between the mental and kinematic distance matrices indicated significant positive 

correlations with values ranging from r = .242 to r = .712. Noteworthy, the correlations between 

mental and physical distance matrices remained remarkably stable over repeated trials within each 

individual, with an average correlation standard deviation of .02 across all participants. 

Examining the scatter plot of the relationship between the mental and kinematic distance matrices 

also provides important insights into the link between representation and movement. Specifically, 

examination of outliers can be used as a diagnostic procedure to identify mismatches between an 

individual's movement representation and the physical execution of the movement. For instance, 

Fig. 6 displays the relationship between the mental and kinematic distance matrices for one 

participant. As can be seen, the points largely lay along the trend line, representing a strong 

relationship, however, point A represents a strong deviation from the predicted relationship. 

Examination of point A reveals that the left knee and left thigh were not similarly  coupled in the 

execution of the movement like they were in the mental representation. This difference corresponds 

with the differences observed in the structural analyses as seen in Fig. 6 from the same participant. 
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Such differences may suggest areas for targeted skill interventions by coaches, trainers, or physical 

therapists.  

 

Figure 6.Scatter plot representing the relation between the distance matrices derived from the SDA-

M and STKD procedures for one participant. Point A represents an outlier and corresponds to the 

relationship between the left thigh and hip movement, thus indicating a mismatch between cognitive 

representation and the major kinematic feature of movement. 

Discussion of findings 

The above findings further confirm the close link between mental representations and the execution 

of motor actions. These results build on previous findings that have found functional links between 

representational chunks and specific biomechanical parameters within a given movement (e.g., 

Schack, 2003; Schutz et al., 2009). Specifically, our findings suggest that mental representations not 

only play a key role in guiding key biomechanical parameters of a movement, but also guide the 

overall structure of the action. To this end, we observed a close relationship between the overall 

structure of both the mental representation and movement kinematics on both a group and 

individual level. 

The close link between representation and kinematic structure is consistent with the Cognitive 

Architecture model proposed by Schack (2004), which suggests that motor skills are organized 

within hierarchical memory structures comprised of elementary components or transitional states of 

complex movements. These memory structures act as a cognitive reference for the unfolding of 
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action, such that they serve to govern the tuning of motor commands and muscular activity patterns. 

As such, a tight correlation is predicted to exist between the structure of mental representation and 

the structure of movement. 

As we show, the structuresobserved within the movement kinematics are reflected within the mental 

representations of the participants. Interestingly, the degree of association or invariance between the 

mental representation and the movement structure did not appear to be dependent on the level of 

skill of the individual. Although our sample consisted of relatively few participants, thus likely 

making any relationship difficult to observe, the lack of a moderating effect of skill level is not 

entirely baseless. While research has shown that experts have more elaborate and hierarchically-

organized mental representations (e.g., Bläsing, , Tenenbaum, & Schack, 2009), the overall function 

of the representation is to guide the unfolding of motor patterns. As such, regardless of the quality 

of the representation, the movement unfolds in a manner that is consistent with the representation 

structure, and thus movements and representations would be clearly correlated across all skill 

levels. However, this assumption warrants future research to confirm or reject the influence of skill 

level and other factors on the degree of association between movement and representation structure.  

Examining the structural relatedness between mental representations and movements has a number 

of practical applications. As has been demonstrated, investigating the mismatch between memory 

structures and kinematic synergies may be useful for diagnosing movement disorders or guiding 

training strategies. To this extent, investigation of mental representations via the SDA-M method 

has successfully been shown to identify representational problems within stroke patients who 

display movement deficiencies (Braun et al., 2007). Similarly, incongruence between mental and 

kinematic structures may be a key factor in determining how deficient mental representations are 

manifested within the overall motor production. Additionally, the degree of invariance between 

mental and kinematic structures may act as a useful benchmark for examining the efficacy of 

artificial cognitive systems within modern robotics. As robotic platforms make qualitative leaps in 

the areas of perceptual, cognitive, and motor capabilities, cognitive architectures designed to 

effectively integrate these functions become essential. The field of cognitive robotics is increasingly 

turning to biological models of action organization to guide the development of efficient and natural 

cognitive control systems (e.g., Maycock, Dornbusch, Elbrechter, Haschke, Schack, & Ritter, 2010; 

Schack & Ritter, 2009, 2012). In this direction, first steps have already been taken in modeling 

higher level cognitive representations derived from human data into robotic grasping applications 

(Maycock et al., 2010). The extent to which artificial cognitive systems efficiently represent and 

guide complex actions may be distinguishable based upon our proposed method, which would 

indicate a level of cognitive sophistication similar to that of its biological counterparts. 

Summary 

The present article reviewed the substantial work on mental representations underlying complex 

action in humans. In doing so, we proposed a new experimental approach to capture the relationship 

between mental representation and the kinematic structure of movement. The STKD method 

presented in this paper allows for the segmentation of any recorded movement into a minimal 

number of independent spatial-temporal features. This methodhas been found to effectively elicit 

the hierarchically-organized key kinematic elements of a movement in different spatio-temporal 

scales. Based on these analyses, we presented a first step toward linking the memory structure of a 

complex motor task to the unfolding movement dynamics. Results from our analyses indicated a 

clear structural relationship between the motor representation in long-term memory and the 

functional structure of movement kinematics. These findings support the theoretical perspective that 

complex actions are planned and performed with the help of structured cognitive representations in 

long-term memory that act to guide the biomechanical organization of movements (Hoffmann, 
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Butz, Herbort, Kiesel, & Lenhard, 2007; Hommel,Muesseler, Aschersleben, & Prinz, 2001; 

Mechsner,Kerzel, Knoblich, & Prinz, 2001; Schack & Mechsner, 2006). Implications of these 

findings are important for a number of movement related domains, including physical therapy, 

sports training, and artificial cognitive systems. While the present paper presents an important first 

step in the direction of linking cognitive and biomechanical structures, much work remains to 

extend the current findings to new task domains while also exploring the variables that moderate 

this relationship. 
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1.3.5 Whole-body posture planning in anticipation of a manual 

prehension task: prospective and retrospective effects
17

 

Abstract 

This study examined the extent to which anticipation of a manual action task influences whole-body 

postural planning and orientation. Our participants walked up to a drawer, opened the drawer, then 

grasped and moved an object in the drawer to another location in the same drawer. The starting 

placement of the object within the drawer and the final placement of the object in the drawer were 

varied across trials in either a blocked design (i.e., in trials where the same start and end location 

were repeated consecutively) or in a mixed fashion. Of primary interest was the posture adopted at 

the moment of grasping the drawer handle before pulling it out prior to the object manipulation 

task. Of secondary interest was whether there were sequential effects such that postures adopted in 

preceding trials influenced postures in subsequent trials. The results indicated that the spatial 

properties of the forthcoming object manipulation influenced both the postures adopted by the 

participants and the degree to which the drawer was opened, suggesting a prospective effect. In 

addition, the adopted postures were more consistent in blocked trials than in mixed trials, 

suggesting an additional retrospective effect. Overall, our findings suggest that motor planning 

occurs at the level of the whole body, and reflects both prospective and retrospective influences.   

Introduction 

Understanding how movements are planned and controlled is a fundamental concern for the 

cognitive sciences, including robotics (Schack & Ritter, 2009). With an estimated 100 to 150 

degrees of freedom in the human skeleton (van Ingen Shenau, van Soest, Gabreëls, & Horstink, 

1995), a central problem is how the motor system selects and executes particular movement-

elements when a physical goal can be achieved in infinitely many ways. This range of possibilities 

makes understanding movement control complicated for scientists, though it affords flexibility and 

richness for those carrying out movements in everyday life.    

Given the wide range of ways in which motor tasks can be performed, observations of regularities 

in the way tasks are performed can provide insight into how movements are planned and controlled. 

To this end, research has shown that the way movements are planned and executed depends largely 

on the goal of the action (Fischer, Vaughan, & Rosenbaum, 1997; Marteniuk, MacKenzie, 

Jeannerod, Athenes, & Dugas, 1987; Rosenbaum et al., 1990). For example, it has been found that 

participants tend to grasp a horizontally placed bar differently depending on which end of the rod 

will be placed down (Rosenbaum et al., 1990). When the right end of the bar will be placed 

downward using the right hand, participants tend to adopt an initial overhand grasp. In contrast, 

when the left end of the bar will be placed downward, the same participants tend to adopt an initial 

underhand grasp. Thus, participants tend to select initial grasp postures that lead to a comfortable or 

easy-to-control thumb-up posture at the end of the movement, even if this means adopting initially 

uncomfortable (underhand) postures. The tendency to avoid awkward postures at the end of a 

movement has been called the end-state comfort effect. This effect has been taken to support the 

idea that individuals anticipate future goal-related postural states (e.g., Fischman, Stodden, 
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&Lehman, 2003; Rosenbaum et al., 2006, 2007, 2012; Short & Caraugh, 1999; Weigelt & Schack, 

2010). 

Within the research on anticipatory motor control, there has been a growing appreciation that the 

coordination and involvement of the entire body is vital to the understanding of action planning and 

object manipulation (Fischer, 2000; Marteniuk & Bertram, 2001; Rosenbaum, 2008; Rosenbaum, 

Brach, & Semenov, 2011; Studenka, Seegelke, Schütz, & Schack, 2012; van der Wel & 

Rosenbaum, 2007). For example, Marteniuk and Bertram (2001) showed that task-specific 

synergies form during locomotion and prehension tasks such that invariant spatial trajectories of the 

hand are achieved by coordination of arm and body movements. Similarly, Ma and Feldman (1995) 

showed that when subjects were asked to lean their torsos either forward or back during a reach, the 

trajectories of their hands were practically identical to when they performed the reach using only 

their arms. Ma and Feldman suggested that the consistent endpoint position of the hand was 

achieved by a synergy between the trunk and arm, which was organized and controlled in an 

integrated manner. Similar results were also reported by Saling, Stelmach, Mescheriakov, & Berger 

(1996). 

In related research, Fischer et al. (1997) showed that the anticipation of future task demands can 

influence preceding postural coordination. Specifically, these authors examined the relative 

contributions of the hip, shoulder, and elbow in a sequential sagittal-plane reaching task. While 

seated, participants in a control group reached from a start position to a first target and back. 

Meanwhile, other identically-seated participants in an experimental group reached from the same 

start position to the first target and then to an additional second target and back. The results 

indicated that the posture adopted at the first target was influenced by the location of the second 

target. Thus, the participants anticipated the demands of the final reaching task while reaching to 

the first target. The postures adopted at the intermediate target reflected a minimization of travel 

costs between the start and final target positions. 

In research that was likewise concerned with postural planning, Bongers, Michaels, and Smitsman 

(2004) investigated whether postures are influenced by the anticipation of upcoming task demands 

in tool use. In their two experiments, Bongers, Michaels, and Smitsman asked participants to hold a 

rod of varying lengths, walk toward a cube, and then displace the cube with the rod's tip. Of 

particular interest was the distance at which participants stood from the cube prior to displacement. 

It turned out that this dependent variable was influenced both by the length of the rod and the 

posture required for the upcoming displacement. Participants stood at greater distances from the 

cube when using a larger rod to displace the object. In addition and more importantly, when 

displacing a smaller cube, which required greater precision in the use of the rod, participants stood 

closer to the cube. This reduced distance was related to differences in adopted postures (less 

extension of the shoulder and arm when the rod required more control). These findings highlight the 

influence of anticipated task demands on anticipatory posture planning. 

To extend this line of work, we sought to determine whether whole-body postures are influenced by 

the anticipation of a much more complicated physical action than has been studied previously.  We 

explored motor planning when participants walked up to a drawer, opened the drawer, picked up a 

dowel from one of four starting locations in the drawer, and then placed the dowel at one of four 

ending locations in the same drawer. By studying this task, we sought to investigate a natural, 

complex task with few restrictions on movement range. In pursuing this task, we followed the 

recommendation of Marteniuk and Bertram (2001) in their pioneering study of whole-body 

coordination that avoiding artificial restrictions in movements may allow for the manifestation of 

motor control strategies.  
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The specific aims of the study were, twofold. First, we sought to determine the extent to which 

aspects of postural orientation (e.g., torso angle, hip angle, standing distance, etc.) are planned in 

advance of a prehension task. Specifically, we asked whether participants would adopt different 

body postures relative to the drawer when grasping the drawer handle prior to moving the object 

within the drawer from different starting positions to different ending positions. Based on previous 

research (e.g., Fischer et al., 1997; Haggard, 1998; Hesse & Deubel, 2010; Rosenbaum et al., 1990), 

we hypothesized that the postures adopted when participants grasped the drawer handle would 

reflect minimization of travel costs with respect to the location of the upcoming object 

manipulation. The dependent variables we focused on were: (1) the handle grasp position; (2) torso 

and hip angle; (3) the lateral position of standing in front of the drawer; (4) the distance participants 

stood from the drawer; (5) the degree of upper torso pitch, and (6) the distance the drawer was 

opened. We expected the first three dependent variables to depend on the lateral position of the 

object's starting and ending locations, and we expected the second three dependent variables to 

depend on the fore-aft position of the object's starting and ending locations. Finally, we predicted 

that the starting placement of the object, more than the ending placement of the object, would more 

strongly influence postures at the point of grasping the drawer handle grasp. This prediction was 

based on the findings of Haggard (1998), who found a gradient for advanced planning in that 

movement adjustments are generally more common for aspects of immediately forthcoming 

movements than for later forthcoming movements. 

The second aim of the present study was to examine whether there are retrospective as well as 

prospective effects in whole-body posture planning. According to the computational model of 

motor planning developed by Rosenbaum, Loukopoulos, Meulenbroek, Vaughan, and Engelbrecht 

(1995), as people repeatedly perform an action, they should “settle in” and exhibit a greater degree 

of stereotypy over repeated instances of the same movement. This increased postural consistency is 

predicted not only to result from the convergence toward less costly movements, but also from a 

more precise anticipation of the external task demands. The idea here is to reduce changes, not just 

with respect to what will happen, but also with respect to what already has.  

To address this possibility, we had our participants perform the drawer opening and prehension task 

in both blocked orders(i.e., repeated instances of the same start and end location for the prehension 

task in successive trials) and random orders (i.e., unpredictable order of start and end placement 

locations in successive trials). We predicted that participants would show more consistency in 

postural parameters when performing the task in a blocked rather than in a random fashion. We 

further expected that in the blocked order condition participants would show more postural 

consistency during the later instances of a trial type than in the early instances, consistent with 

settling in.   

Method 

Participants 

Twenty right-handedstudents (7 men, 13 women, mean age of 24.05 years) from Bielefeld 

University were recruited to take part in the study. Before starting the experiment, participants 

completed an informed consent form as well as the Revised Edinburgh Handedness Inventory 

(Dragovic, 2004). The handedness inventory assesses hand preference on a battery of common tasks 

and provides a handedness score on a scale from -1.00 (strongly left-handed) to 1.00 (strongly 

right-handed). Based on the handedness inventory, all participants were considered right-handed (M 

= 0.89, SD = 0.17). Participants received either course credit or 5€ for participation. All participants 

were naïve as to the purpose of the study. The study was conducted in accordance with local ethical 

guidelines and conformed to the Declaration of Helsinki. 
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Apparatus and Experimental Setup 

The experimental set-up consisted of a drawer, 80 cm wide x 50 cm deep x 15 cm high (see Fig. 1a) 

equipped with a horizontal handle that extended across the drawer face. To standardize the height of 

the drawer for each participant, the height of the drawer handle was set to the height of the 

participant‘s right anterior superior iliac spine. Inside the drawer were 4 circular holes (each 7 cm in 

diameter  and 5 mm deep) designed to hold a dowel (8 cm in height, 6.5 cm in diameter, and 380 g 

in weight) (see Fig. 1b). The holes were located in the front left (FL), front right (FR), back left 

(BL), and back right (BR) of the drawer. The distance between the left and right grooves was 58 

cm, and the distance between the front and back grooves was 13 cm. To grasp the dowel in the front 

of the drawer, the drawer had to be opened at least 13 cm to permit clearance of the hand, whereas a 

minimum of 28 cm was needed to allow clearance for grasping the dowel at the back position. 

a)   

Figure 1. Apparatus used in the experiment. (a) Front view of the setup. (b) Top-down view of the inside of the drawer 

with the four locations used for the start and end positions for the dowel transport. (c) Stimulus representing a required 

transport from the front-left to the back-right of the drawer. (d) Stimulus representing a required transport from the 

back-left to the same back-left of the drawer (i.e., a simple lift and replacement of the dowel at the same position). 

On top of the dresser was a 17‖ flat screen monitor (Sync Master 943T, Samsung), which provided 

a top-down view of the drawer and the four positions. The display was used to instruct the 

participants on the starting and required ending position of the dowel inside the drawer (see Fig. 1c 

& 1d). The starting location of the dowel was indicated by the number 1 and could be in any of the 

four possible positions. The ending location of the dowel was indicated by the number 2, and could 

likewise be in any of the four possible positions. When the first and second positions were the same, 

the dowel was supposed to be lifted out of the hole and placed back down in it.  When the first and 

second positions were different, the dowel was supposed to be lifted out of the first hole and placed 

down into the second hole. No rotation of the dowel was ever required. 

Full-body three-dimensional movement kinematics were recorded using an optical motion capture 

system (Vicon Motion Systems, Oxford, UK) consisting of 12 MX-F20 CCD cameras with 200 Hz 

  

b) 

  

c) 

  

d) 
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temporal and 0.25 mm of spatial resolution, according to the manufacturer. Retro-reflective markers 

were placed directly on the participant's skin or on top of tightly fitting clothes at 11 anatomical 

landmarks on the body: the base of the 3
rd

 metacarpal of the left and right hand, the xiphoid process 

of the sternum, the acromio-clavicular joint of the left and right shoulder, the left and right anterior 

superior iliac spine, the left and right posterior superior iliac spine, the 10
th

 thoracic vertebrae, and 

the jugular notch where the clavicles meet the sternum (see Fig. 2). Additionally, three Vicon 

markers were placed on the drawer unit: one on the top of the drawer unit, and one on each side of 

the drawer handle. These markers were used to calculate the position of the drawer handle, and the 

degree to which the drawer was opened.  

 

Figure 2. Retro-reflective marker placements.  

Procedure  

After completing the informed consent and the Edinburgh handedness inventory, the participant 

was fitted with the retro-reflective markers at the aforementioned anatomical landmarks. Next, the 

participant was told about the procedures of the task. The participant began each trial 3 steps from 

the dresser. Step length for each participant was calculated as the participant's height multiplied by 

.85 and then divided by 2 (Murray, Mollinger, Gardner, & Sepic, 1984). At the start of each trial, 

the participant stood behind the start line set for him or her individually, at which time the 

experimenter triggered the monitor display showing where the dowel was located in the drawer (1 

of 4 possible positions) and where the dowel was to be moved within the drawer (1 of 4 possible 

positions) (see Fig. 1c & 1d). After this stimulus was shown for 2.5 s, a start signal (the word ―Los‖ 

– ―Go‖ in German) was shown on the screen above the stimulus, whereupon the subject was to walk 

to the drawer and open it, pick up the dowel inside it, and then place the dowel into the specified 

location within the drawer (see Fig. 3). The participant was instructed to grasp the drawer handle 

and open the drawer with the non-dominant hand (left hand for all participants) and to grasp the 

dowel with the dominant hand (right hand).
18

 

                                                 
18

No special instructions were given about walking speed. In general, speed was never mentioned or emphasized in any 

way. Pilot testing revealed that overwhelmingly, participants grasped the drawer handle with the non-dominant hand 
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Figure 3. Illustrative task sequence representing a trial in which the dowel was grasped in the front left and transported 

to a back left position (a), and a trial in which the dowel was grasped in the back right and moved to the front right 

position (b). The individual shown here provided written consent  to let her face be shown.  

 

After completing the task, participants were instructed to leave the drawer open, return to the 

starting line, and remain facing away from the drawer. At this point, the experimenter set the dowel 

for the next trial and closed the drawer. Once the drawer was reset, the experimenter told the 

participant to turn around and face the drawer and wait for the next trial, which was conducted in 

the same way. 

Two practice trials were included to familiarize each participant with the procedure. Each 

participant performed a total of 80 trials. These consisted of 5 trials for each of the possible 

combinations of starting and ending positions (16 possible start and end combinations). The order 

of starting and ending dowel positions was varied across trials either in a blocked or random 

fashion. For half of the participants (n = 10), a blocked design was used so that the same 

combination of starting and ending location was performed repeatedly for 5 trials in a row. For the 

other half of the participants (n = 10) the order of start and end locations was fully randomized over 

all 80 trials, except for the constraint that no repetitions were allowed in successive trials. The 

assignment of participants to blocked or random orders was random except for the constraint that an 

equal number of participants was in each group.  

Data Collection and Reduction 

The 3D coordinates of the retro-reflective markers placed on the participants and the drawer were 

reconstructed and labeled. Missing data (gaps of less than 20 frames) were interpolated using a 

cubic spline, with larger gaps interpolated using the pattern fill algorithm within Vicon Nexus.
19

 

The data were filtered using a Woltring filter (Woltring, 1986) with a predicted mean square error 

of 5 mm
2 

(Vicon Nexus 1.6). From the reconstructed marker coordinates, postural parameters were 

                                                                                                                                                                  
and moved the object with the dominant hand. To reduce the chance that any given participant might buck this trend, 

we decided to require participants to grasp the drawer handle with the non-dominant hand. 
19

 Approximately 2% of the trials required data reconstruction at the point of drawer handle grasp. 
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calculated at the moment of drawer handle grasp, defined as the point of maximum value in the y-

axis (in the direction of the drawer) of the marker on the 3
rd

 metacarpal. This point corresponded 

with the point of first contact with the drawer handle. To determine the postural coordinates, the 

following dependent variables were calculated from the x, y, and z coordinates of the 11 markers 

placed on the body and the 3 markers placed on the drawer:  

 Drawer handle grasp position – The lateral position where participants grasped the 

drawer handle, calculated as a proportion of the total handle length at the point of grasp (as 

recorded from the base of the 3
rd

 metacarpal of the left hand), with 0 being the left-most 

possible grasp, and 1 being the right-most possible grasp.  

 

 Distance of torso to drawer handle – The distance (in millimeters) participants stood 

away from the drawer, as recorded by the distance between the retro-reflective marker 

placed on the sternum (xiphoid process) and the vertical plane of the drawer face. 

 

 Lateral position of the torso relative to drawer handle – The distance (in millimeters) 

participants stood off center in front of the drawer, as calculated from a virtual marker 

created from the centroid between the sternum (xiphoid process) and the 10
th

 thoracic 

vertebra relative to the midpoint of the drawer handle.  

 

 Torso yaw angle –The rotation (in degrees) about the vertical axis of the upper torso 

relative to the drawer face, as calculated by the line between the markers placed on the 

acromio-clavicular joint of the left and right shoulder and the plane of the drawer face. A 90 

degree orientation indicates that the upper torso was directly facing the drawer face, with 

larger angles representing a counter-clockwise rotation as viewed from above. 

 

 Torso pitch angle – The rotation (in degrees) about the horizontal axis of the upper 

torso, as calculated by the vector created between the markers placed on the clavicle and the 

sternum. Smaller angles reflect less anterior flexion whereas larger angles represent greater 

anterior flexion of the torso.  

 

 Hip yaw angle – The rotation (in degrees) about the vertical axis of the hips relative 

to the drawer face, as calculated by the line formed between the virtual markers created from 

the centroid of the left anterior superior iliac spine and left posterior superior iliac, and the 

centroid of the right anterior superior iliac spine and right posterior superior iliac. A 90 

degree orientation indicates that the hips were parallel to the drawer face, with larger angles 

representing a counter-clockwise rotation as viewed from above.  

In addition, the distance that the drawer was opened was also examined as a measure of planning. 

All postural variables were calculated using custom written MATLAB routines (The MathWorks, 

Version R2010a). 
20
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 See Appendix for calculation of the dependent variables. 
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Data Analysis 

To examine differences in postural orientation, each postural parameter was calculated at the point 

of drawer handle grasp, and then averaged over trials for each combination of starting and ending 

position. Next, separate repeated-measures ANOVAs were conducted for hand grasp position, torso 

yaw and pitch angles, hip angle, lateral torso position, and distance of torso from drawer, with start 

position (FL, FR, BL, and BR) and end position (FL, FR, BL, and BR) as within-subjects factors. 

Overall family-wise error rate was controlled using a Bonferroni correction (α = .017).
21

 

Additionally, a repeated-measures ANOVA was performed on the distance the drawer was opened 

using start (FL, FR, BL, and BR) and end position (FL, FR, BL, and BR) as within-subjects factors. 

The Greenhouse-Geisser adjustment to df and significance was employed when sphericity did not 

hold.  

To determine the degree of postural consistency between random and blocked groupings, standard 

deviations were calculated between the 1
st
 and 2

nd
 repetition of a given trial, for the 4

th
 and 5

th
 

repetition across all trial combinations, and for each postural parameter. Next, the SD values were 

transformed into z-scores and averaged across all postural variables to create an overall postural 

consistency score for both early (consisting of the first two occurrences of a trial) and late 

repetitions (consisting of the last two occurrences of a trial).
22

 The consistency scores were 

analyzed using a repeated-measures ANOVA with time of occurrence (early and late) as a within-

subjects factor and group (blocked and random) as a between-subjects factor.  

Results 

Postural Orientation 

The repeated-measures ANOVA results for each dependent variable are shown in Table 1.  

 
Table 1.Repeated-measures ANOVA results for postural variables using start position (front left, 

front right, back left, back right) and end position (front left, front right, back left, back right) as WS 

factors. 
 

Variable 

Degrees of 

freedom F p p
2
 

     

Distance to drawer (α = .017)     

Start 3, 57 3.30 .027 .15 

End 3, 57 3.89 .013 .17 

Start × End 9, 171 0.90 .526 .05 

     

Lateral standing position (α = .017)     

Start 1.37, 25.97
a 

8.32 .004 .31 

                                                 
21

 Overall family-wise error rate was set at α = .1, resulting in a per-test alpha value of α = .017. The family-wise error 

rate of α = .1 was chosen as we felt it best represented the compromise between avoiding Type I and Type II errors.  
22

 Prior to collapsing the variability across all postural variables, a principle component analysis was performed to 

determine whether a subset of variables accounted for the majority of the variability. Results of the PCA indicated that 

only one component with an eigenvalue greater than 1 could be extracted with all variables loading onto this 

component. Thus, all postural variables were included in the composite consistency score. 
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End 3, 57 1.04 .380 .05 

Start × End 9, 171 1.24 .276 .06 

     

Hip angle (α = .017)     

Start 3, 57 3.42 .023 .15 

End 3, 57 3.11 .033 .14 

Start × End 9, 171 1.40 .191 .07 

     

Torso yaw angle (α = .017)     

Start 1.45, 27.46
a 

5.40 .018 .22 

End 1.99, 37.84
a 

4.39 .020 .19 

Start × End 9, 171 0.62 .783 .03 

     

Torso pitch angle (α = .017)     

Start 2.09, 39,74
a 

12.24 .005 .24 

End 3, 57 1.23 .307 .06 

Start × End 9, 171 0.15 .153 .07 

     

Hand position (α = .017)     

Start 1.25, 23.77
a
 19.83 .001 .51 

End 3, 57 13.49 .001 .42 

Start × End 5.06, 96.15
a
 2.81 .020 .13 

     

Drawer pullout distance (α = .05)     

Start 1.56, 29.58
a 

118.69 .001 .86 

End 1.87, 35.43
a 

72.61 .001 .79 

Start × End 3.84, 72.98
a 

24.90 .001 .57 

aCorrected for lack of sphericity using Greenhouse-Geisser epsilon 

Distance to Drawer 

Examination of the distance the participants stood away from the drawer at the point of drawer 

handle grasp suggested an effect of dowel starting location, F(3,57) = 3.30, p = .027, p
2
 = .15. As 

shown in Fig. 4, participants generally stood farther from the drawer while grasping the handle 

when the dowel stood in the back of the drawer than when the dowel was located in the front of the 

drawer. A planned comparison between front and back starting locations confirmed the statistical 

significance of this difference, t(19) = 3.19, p = .005.  
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Figure 4. Differences in mean distances to the drawer at handle grasp depending on the dowel start and end 

locations. 

Additionally, the position to which the dowel would be moved was found to influence the distance 

participants stood from the drawer (i.e., main effect of end position), F(3,57) = 3.89, p = .013, p
2
 = 

.17, see Fig. 4. However, a planned comparison failed to indicate significant differences between 

trials that ended in the front compared to trials that ended in the back of the drawer, t(19) = 1.65, p 

= .116.  

Lateral Standing Position 

The starting position of the dowel in the drawer significantly influenced participants‘ horizontal 

standing placement before the drawer, F(1.37, 25.97) = 8.32, p = .004, p
2
 = .31; see Fig. 5. A 

planned comparison indicated a significant difference in the left-right standing position between 

trials in which the dowel started on the left versus the right side of the drawer, t(19) = 3.35, p = 

.003. When the dowel started on the left, participants stood significantly farther to the left while 

opening the drawer than when the dowel started on the right.  
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Figure 5. Differences in lateral placement in front of the drawer at handle grasp for each dowel start location. 

Negative values indicate a position left of center, while positive values indicate a position right of center. 

Hip Yaw Angle 

The rotation of the participants‘ hips at the time of grasping the drawer handle approached but did 

not reach levels of significance for an effect of dowel starting location, F(3, 57) = 3.42, p = .023, 

p
2
 = .15. Inspection of Fig. 6 indicated that when the dowel was located on the left side of the 

drawer, participants tended to grasp the drawer handle with their hips rotated farther to the left 

(counter-clockwise) than when the dowel was located on the right side of the drawer. A planned 

comparison between these two trial types confirmed the significance of this pattern, t(19) = 2.15, p 

= .04.  



224 

 

 

Figure 6. Mean hip angles at drawer handle grasp for each dowel start location. A 90 degree orientation indicates that 

the hips were parallel to the drawer face. Smaller values indicate a larger rotation to the right. 

Torso Yaw Angle 

Examination of torso yaw angles at the point of drawer handle grasp indicated that an influence of  

both start and end placement locations approached but did not reach levels of significance, F (1.45, 

27.46) = 5.40, p = .018, p
2
 = .22; F (1.99, 37.84) = 4.39, p = .02, p

2
 = .19, respectively. However, 

a planned comparison showed that participants displayed larger rotations of the torso to the right 

(clockwise rotation) when the dowel started on the right side of the drawer than when the dowel 

started on the left of the drawer,  t(19) = 2.51, p = .021, see Fig. 7.  
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Figure 7. Mean torso yaw angles at drawer handle grasp for both dowel start location and dowel placement location. 

A 90 degree orientation indicates that the torso was parallel to the drawer face. Smaller values indicate a larger 

rotation to the right. 

Similarly, a planned comparison identified a significant difference between trials in which the 

dowel ended on the left compared to when the dowel ended on the right side of the drawer, t(19) = 

2.41, p = .026. Participants tended to grasp the drawer handle with a greater torso rotation to the 

right when the dowel was to be placed on the right compared to when the dowel was to be placed on 

the left.  Figure 7 shows the mean torso angles for each starting and ending location.  

Torso Pitch Angle 

The degree of torso pitch at drawer handle grasp was significantly influenced by the starting 

placement of the dowel inside the drawer, F(2.09, 39.74) = 12.24, p = .005, p
2
 = .24; see Fig. 8. A 

planned comparison indicated that participants displayed significantly more forward leaning at the 

point of drawer handle grasp when the dowel was to be grasped from the back of the drawer than 

when the dowel was to be grasped from the front of the drawer,  t(19) = 3.49, p = .002. 
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Figure 8. Mean torso pitch angles at drawer handle grasp for dowel start location. Larger angles represent greater 

anterior flexion of the torso. 

Hand Position on Drawer Handle 

Examination of the position the participant's hand grasped the drawer handle resulted in two 

significant findings. First, there was a main effect of dowel start location, F (1.25, 23.77) = 19.83, 

p< .001, p
2
 = .51, see Fig. 9. A planned comparison indicated significant differences in hand grasp 

position between trials in which the dowel started on the left side of the drawer and when the dowel 

started on the right side of the drawer, t(19) = 4.72, p < .001. Specifically, participants grasped the 

drawer handle further left when the dowel started on the left side of the drawer compared to when 

the dowel started on the right.   

Second, the position the dowel was to be placed within the drawer significantly impacted the 

position in which the participants grasped the drawer handle, F (3, 57) = 13.49, p< .001, p
2
 = .42, 

see Fig. 9. Similar to the effect of start position, a planned comparison indicated that participants 

grasped the drawer handle in the direction in which the dowel was to be placed (left or right side), 

t(19) = 3.18, p = .005.   



227 

 

 

Figure 9. Mean hand position at drawer handle grasp for both dowel start and end placement locations expressed as a 

proportion of the length of the drawer handle. Lower values indicate a hand placement further to the left.  

Drawer PulloutDistance 

In addition to the postural variables, the distance the drawer was opened was used as a measure of 

anticipatory motor planning for the upcoming grasping and placing task. A repeated-measures 

ANOVA on pullout distance was conducted to evaluate the effects of the dowel start position and 

the dowel end position on the distance the drawer was opened. First, a significant main effect of 

start position was identified, F (1.56, 29.58) = 118.69, p< .001, p
2
 = .86.  A planned comparison 

revealed that participants opened the drawer significantly farther when the dowel started in the back 

compared to when the dowel started in the front of the drawer, t(19) = 12.36, p < .001.  

Similarly, the end placement of the dowel transport was found to have a significant effect on the 

distance the drawer was opened, F (1.87, 35.43) = 72.61, p< .001, p
2
 = .79. A planned comparison 

indicated significant difference in the distance the drawer was opened between trials in which the 

dowel was to end in the back compared to the front of the drawer, t(19) = 10.31, p < .001. 

Specifically, the drawer was opened further when the dowel ended in the back compared to when 

the dowel transport ended in the front. 

Finally, a significant interaction was found between the dowel start position and dowel end position 

on the distance the drawer was opened, F (3.84, 72.98) = 24.90, p< .001, p
2
 = .57. As can be seen 
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in Fig. 10, when the dowel was initially grasped in the front of the drawer and was subsequently 

placed in the front of the drawer, the distance the drawer was opened was the least. In contrast, 

when the dowel was grasped in the back of the drawer and was to be placed in the back of the 

drawer, the distance the drawer was opened was the greatest. However, when the dowel started in 

the front and was placed in the back of the drawer, or vice versa, the drawer was opened at a 

distance between the pullout distance of the front-to-front and back-to-back transport combinations. 

Furthermore, the difference in how far the drawer was opened between a front and back starting 

location was larger when the dowel was to be placed in the front compared to the back of the 

drawer.  

 

Figure 10. Mean drawer pullout distance for each object start location and object end placement combination.  

Postural Consistency  

The second aim of the study was to determine whether the effects of preceding postures influenced 

succeeding postures. Specifically, the study examined whether postures adopted during the blocked 

condition showed greater consistency compared to the random order condition, and whether early 

repetitions would vary more in postures than later repetitions for a given trial. Results of the 

repeated-measures ANOVA indicated a significant main effect of condition, F (1, 18) = 4.81, p = 

.042, p
2
 = .21. Participants showed significantly more consistent postures across repeated instances 

of a specific trial performed in a blocked fashion (M = -.29, SE = .20) than in a random fashion (M 

= .32, SE = .20, d = .69). The difference in postural consistency between early and late repetitions 
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of a specific trial, as well as the condition by time occurrence interaction failed to reach levels of 

significance, F (1, 18) = 1.49, p = .238, p
2
 = .08. and F (1, 18) = .10, p = .759, p

2
 = .01, 

respectively; see Fig. 11.  

 

Figure 11. Mean postural consistency scores for both random and blocked conditions during early and late trial 

repetitions. Smaller z-scores reflect greater consistency in postures. 

Discussion 

The present study indicated that the anticipated spatial properties of a forthcoming object grasp and 

transport task, in this case carried out in a drawer to which participants walked and then opened, 

influenced their prior postural orientation at the moment of grasping the drawer handle. Our 

participants showed significant differences in their torso angles (pitch and yaw), standing positions 

(both distance and lateral positioning), hand placements on the drawer, and hip angles depending on 

the characteristics of the forthcoming object grasp and transport task. In addition, the distance the 

drawer was opened also reflected differences related to the anticipation of the upcoming task. When 

the prehension task consisted of an object transport that took place in the front left of the drawer, 

participants grasped the drawer handle farther to the left, they stood closer to the drawer, they stood 

more upright, they displayed greater hip and torso rotation to the left, and they subsequently opened 

the drawer the least (see Fig. 3a). By contrast, when the object transport was anticipated to take 

place in the back right of the drawer, participants grasped the drawer handle farther to the right, 

they stood farther from the drawer, they leaned more forward, they displayed greater hip and torso 

rotation to the right, and they opened the drawer farther (see Fig. 3b).   
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We also examined characteristics of the upcoming prehension task that accounted for differences 

observed in the chosen postures. Specifically, we examined whether the starting position of the 

dowel, the final position of the dowel, or both influenced the observed postural orientation. The 

results indicated that aspects of the entire prehension task contributed to the observed adopted 

posture. However, the initial starting position of the dowel inside the drawer more strongly 

influenced the chosen posture. This was evident from the fact that the start positions indicated a 

higher proportion of explained variance compared to the end position (i.e., larger p
2 

associated 

with the main effect of start for lateral standing position, hip angle, torso pitch and yaw angle, hand 

position, and pullout range). For example, when the dowel had to be moved from left to right, the 

placement of the hand on the handle was further to the left than when the dowel started on the right 

and was moved to the left. A similar finding was also evident in the degree to which the drawer was 

opened. In both cases, the initial start position of the dowel more strongly influenced the initial 

chosen posture at the drawer handle grasp compared to the end placement position.   

Consistent with our hypothesis, the results indicated that whole-body postures are anticipated prior 

to object manipulation. Our findings are consistent with a large body of research indicating that 

people anticipate future body states (e.g., Rosenbaum et al., 2006, 2012, for reviews). The most 

important new finding of the present study is that the anticipation of future body states appears to be 

body-wide. Our data are consistent with the view that motor planning reliably anticipates the entire 

body‘s future states. If there was more or less detailed planning for some segments of the body than 

others, our data do not provide evidence for that possibility, although our data do not permit us to 

rule out that possibility (nor is it one we sought to test). Our results support a holistic (whole-body) 

view of motor planning. Insofar as a posture can be conveniently thought of as a vector in a hyper-

space of motor control parameters (e.g., joint angles), there is no a priori reason why that hyper-

space should be subdivided. Unless and until evidence is provided for the need for such subdivision, 

the single-space view is a priori preferable because it is more parsimonious than the multiple-space 

view. Our data are consistent with this simple, ―one-body‖ model, according to which whole-body 

configurations are planned both from the standpoint of the body itself and with respect to the 

external environment. 

The second aim of the present study was to explore whether the effects of preceding postures (i.e., 

retrospective effects) influenced the succeeding postures. Specifically, we hypothesized that as 

participants perform a task repetitively, they would exhibit less postural variability at a given 

location. To pursue this prediction, we had participants perform the drawer task either in a blocked 

(i.e., repeated instances of same start and end location for the object transport) or random fashion 

(i.e., the start and end location was randomized for all trials). We predicted that a decrease in 

postural variability would be manifested in two distinct ways. First, we predicted that participants 

who performed trials in a blocked format would display more consistent postures compared to 

performing the trials in a random order. Second, we predicted that, for a given location, postures 

adopted in the first few instances of a trial combination would vary more than the postures adopted 

during later trials. Results from the present study confirmed our first hypothesis and indicated a 

significant overall decrease in postural variability when the trials were performed in a blocked 

fashion. However, a significant difference in postural consistency was not found between early and 

late cycles of a given trial.    

Our findings are largely consistent with those found by Fischer et al. (1997). Specifically, Fischer et 

al. found general support for "settling in" over repeated instances of a seated reaching task. In this 

regard, we found that greater consistency in adopted postures occurred when trials were repeated in 

a blocked fashion. This finding is consistent with the work on motor hysteresis (e.g., Weigelt, 

Rosenbaum, Hülshorst, & Schack, 2009), and suggests motor planning efficiency through the reuse 

of previous motor plans. However, in contrast to the findings by Fischer et al., we did not find a 
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reduction in variability between postures adopted during early cycles with those adopted later. 

While our task only consisted of five trial repetitions, compared to 10 repetitions used in the Fischer 

et al. study, Fischer et al. suggests that "settling in" can occur very quickly—in as little as three 

trials.  One possible reason for the difference between our results and those of Fischer et al. may be 

related to the amount of time between trials. The reaching task in the Fischer et al. study was 

repeated without interruption over a short time duration. In contrast, the time between trials in our 

study was fairly long (10 -15 seconds) and involved walking back to the starting line each time. It is 

possible that the time delay and walking back to the start position after each trial reduced any 

settling in that would be evident between postures adopted at early and later cycles. 

What future work should be done to advance the knowledge gained through this study? Perhaps the 

most important thing to do is to study the transitions between static postures, as well as the static 

postures themselves. Here we assumed that postures adopted at key functional moments could 

provide insight into the unfolding of the movement sequence as a whole (cf. Bongers et al., 2004). 

However, anticipatory posture planning is surely a dynamic process. It will be important in later 

research to build on the foundation established here by scrutinizing entire movement paths. Through 

such an analysis, it will be possible to consider when participants start to display postural 

adaptations, foreshadowing their appreciation of forthcoming task demands. Such an analysis might 

also prove useful for testing whether different parts of the body are planned separately from others. 

Time series of movement transitions for different body parts should show independence if they are 

planned and controlled separately; they should not show independence if they are planned and 

controlled together, as our ―one-body‖ view holds. 

Conclusions 

The present study demonstrates that whole-body postures represent a confluence between prior 

motor activity and anticipation of forthcoming task demands. Results demonstrated that whole body 

postures, and not just end effectors (e.g., arms), are planned in anticipation of subsequent actions. 

Our findings indicated that adopted postures were planned with respect to the whole movement 

sequence, with each upcoming movement step being considered (i.e., both start and end location), 

but with the immediate next step having the largest influence. Additionally, the adopted postures 

were not only influenced by the anticipated task demands of the prehension task, but were also 

influenced by the order of the preceding trials. Specifically, adopted postures were more consistent 

when preceded by similar trials with similar task demands. These findings highlight the role that 

both prospective and retrospective influences play in constraining emergent movement solutions. 

Although a seemingly limitless number of postures could have been used while opening the drawer, 

clear patterns emerged with respect to subsequent action goals. Importantly, the present findings 

were obtained using a complex and natural task with few restrictions placed on the body and its 

many degrees of freedom. As such, the findings can be easily generalized to prehension as it occurs 

in everyday life. Overall, the present study picks up on the richness and flexibility found within 

human motion, in the sense that a complex action is more than a linear combination of independent 

sequential movements, but rather a functionally integrated sequence of actions. 
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Appendix 

Calculation of Parameters 

* Virtual markers 

    

 

 

 

 

 

  

Marker Positions 

Marker Anatomical Landmark  Marker Anatomical Landmark   

LFIN base of third metacarpal (left hand)  RPSI right posterior superior iliac spine 

RFIN base of third metacarpal (right hand)  LPSI left posterior superior iliac spine 

STRN xiphoid process  DRL leftmost point of drawer handle 

LSHO acromion process of left shoulder  DRR rightmost point of drawer handle 

RSHO acromion process of right shoulder  DRM top middle of drawer unit 

CLAV suprasternal notch  HIPL* (LASI+LPSI)/2 

T10 10th thoracic vertebra  HIPR* (RASI+RPSI)/2 

LASI left anterior superior iliac spine  TORM* (STRN+T10)/2 

RASI right anterior superior iliac spine    

       

Parameter Calculations 

Parameter         

Distance from drawer STRNDRM YY   

Lateral standing position DRMTORM XX   

Hip angle 
HIPLHIPR

HIPLHIPR

XX

YY



1tan  

Torso yaw angle 
LSHORSHO

LSHORSHO

XX

YY



1tan  

Torso pitch angle 
   22

1tan

STRNCLAVSTRNCLAV

STRNCLAV

YYXX

ZZ




 

Hand position 

DRLDRR

DRLLFIN

XX

XX
grasp




 

Drawer pullout distance 
minmax DRLDRL YY   
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2 Relevance of motor and cognitive primitives for perception and 

action 

 
Section 2 of the deliverable concerns the interaction of complex action with cognitive processes in 

the anticipation of perceptual action effects. First, the work of the UniBi group is presented. This 

work covers the findings from a series of studies that investigate the overlap between long-term and 

working memory involving grasping postures. Next, the influence of anticipation on priming 

domain relevant representations is explored. Following, the work of the UniTu group is presented. 

Building off of the locomotion and grasping work conducted by the UniBi group (Land, 

Rosenbaum, Seegelke, & Schack, submitted), UniTu examines a novel way to model the 

locomotion and goal-directed grasping actions captured from the MOCAP data of humans.  

 

2.1 Link between skill representation and perceptual effects (UniBi) 
 

2.1.1 General Introduction 
 

Humans move in order to bring about desired effects in the environment. It is not surprising then 

that anticipation of these action effects are also thought to play an important role in the planning 

and execution of human action (Koch et al., 2004; Kunde et al., 2004). In order to illuminate the 

influence of perceptual effects and motor skills on cognitive process, two studies were undertaken. 

In a first study (Land & Schack, in preparation), the extent to which anticipation of an action‘s 

perceptual effect act to prime relevant knowledge representations is examined. Studies utilizing the 

structural dimensional analysis- motoric (SDA-M; Schack, 2012) indicate that not just sensorimotor 

representations are storied hierarchically in long term memory, but also knowledge in general. If it 

is the case that knowledge is stored in representational frameworks, then the common-

coding/integration that exists between knowledge - motor codes -  action effects may be integrated 

to the extent that action effects may also cue relevant knowledge representations rather than just 

associated motor codes. Furthermore, the extent to which skill level moderates this relationship is 

explored. In a second study (Land & Schack, in preparation), the overlap between long-term 

memory and working memory for complex motor actions is investigated. Specifically, the study 

explored the extent to which representations of grasping postures in long-term memory influence 

chunk dependent processes within working memory. Such overlap highlights the interaction of 

cognitive systems in the fulfilment of complex actions.  
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2.1.2 Relationship between long-term and short-term memory 

processes in complex actions
23

 
 

The action architecture approach (CAA-A, Schack, 2004; Schack & Mechsner, 2006; Schack & 

Ritter, 2009) proposes that not only the long-term memory (LTM) structure of mental 

representations but also the exploitation of working-memory capacity serve a notable function in 

the organization of motor actions. To date, the LTM structures of various complex motor tasks have 

been examined such as in dancing (Bläsing, 2010; Bläsing, Tenenbaum, & Schack, 2009), judo 

(Weigelt, Ahlmeyer, Lex, & Schack, 2011), volleyball (Velentzas, K., Heinen, T., Tenenbaum, G., 

& Schack, T., 2010), wind surfing (Schack & Hackfort, 2007), and manual action (Stöckel, Hughes, 

& Schack, 2012). Such order formation in action knowledge reduces the cognitive effort required to 

activate relevant information.   

 

According to the architecture model, both LTM and working memory interact when solving 

movement tasks. To this extent, the chunking processes within working memory (Chase & Simon, 

1973) are assumed to be functionally related to the structure and organization of motor units within 

the LTM. In order to gain a deeper understanding of the cognitive architecture of complex 

movements, the overlap and cooperation between LTM and working memory must be illuminated. 

As a consequence, the present study examined the extent to which movement structures in LTM are 

identifiable within chunking processes of working memory. Specifically, the LTM structures of 

grasping postures were examined along with the ability to chunk and recall those postures in 

working memory.  

 

To analyze working memory processes, the Cognition and Movement Chronometry 

(CMC)approach was utilized. This approach is based on an experimental paradigm developed by 

Sternberg (1969; 1975) which requires participants to quickly memorize a set of (N) stimuli (e.g., 

numbers), and then later during a recognition task respond as to whether the test stimuli presented 

was part of the original set of to-be-remembered items. Interesting, the findings from this paradigm 

indicate a linear dependency. That is, as the number of items to be remembered increase, the time in 

which it takes to perform the recognition task increases, linearly.  

 

In the present study, grasping postures derived from Cutkosky‘s (1989) grasping taxonomy were 

used as inputs into the SDA-M method developed by Schack (2012) for assessing LTM structure. 

Similarly, these postures were also used as part of the CMC method for assessing the chunking of 

grasping postures within working memory. Based on the results from these two methods for 

ascertaining long-term and working memory processes, the extent to which LTM and working 

memory overlap was investigated. 

 

Results from the SDA-M analyses indicate that participants represented grasping postures according 

to two main classification features: power and precision (see Figure 1). That is to say that long term 

memory structures displayed two prominent memory clusters corresponding to grasp postures that 

can be considered as relating to a power or precision grasp. This finding closely resembles the 

grasping taxonomy proposed by Cutkosky (1989). Results from the CMC assessment revealed 

differences in working memory processes dependent upon whether the items to be remembered 

were contained within the same long-term memory cluster (see Figure 2). Specifically, the recalland 
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recognition of to-be-remembered items (i.e., grasp postures) were faster when those items were 

located within the same cluster within the long-term memory representation (e.g., power grasp 

category). In contrast, when to-be remembered memory sets contained postures from both LTM 

categories (i.e., power and prehension clusters), reaction times were slower as the number of items 

to be remembered increased. The reaction times for the non-categorical items (postures from both 

LTM clusters: power and prehension) reflect well the linear relationship observed in previous 

working memory studies. However, more interestingly, the reaction times for the categorical items 

(postures from only one LTM cluster) do not reflect the linear association between memory set size 

and the time it takes to search working memory. Instead, the relationship between memory set size 

and reaction time reflects a logarithmic relationship in which larger memory set sizes are not 

associated with further increases in reaction time as with the non-categorical RT results. This 

logarithmic relationship represents a distinct advantage for the recall and recognition of items 

organized closely in long-term memory. In the case of the current study, grasping postures that are 

represented as closely related are more efficiently chunked and processed in working memory. 

 

 

Figure 1. Group mean dendrogram for the representation of grasping postures in long-term memory derived from the 
SDA-M results.  

Power Grasps Precision Grasps 



238 

 

 

Figure 2. Differences in mean reaction times between memory sets ranging from 1 to 5 items (i.e., grasping postures) 
for both categorical and non-categoricalmemory sets dervied from the SDA-M analysis. 

The findings from the present study highlight the overlap between LTM and working memory. 

Chunking processes in working memory are more efficient when the chunked items are encoded 

within common clusters contained within LTM structures. More importantly, these findings confirm 

the CAA-A assumption that cognitive systems interact to produce complex movements. 
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2.1.3 Anticipation of action effects aids the retrieval of general 

knowledge representations in skilled performers
24

 
 

The work of Kunde and colleagues (Kunde, Hoffmann, & Zellmann, 2002; Kunde, Koch, & 

Hoffmann, 2004).  demonstrates that the anticipation of an effect can help cue a given motor 

response. This work is used to support the notion that effect representations and motor commands 

are commonly-coded in long term memory. Studies utilizing the structural dimensional analysis- 

motoric (SDA-M; Schack, 2012)indicate that not just sensorimotor representations are storied 

hierarchically in long term memory, but also knowledge in general. If it is the case that knowledge 

is stored in representational frameworks, then the common-coding/integration that exists between 

knowledge - motor codes -  action effects may all be intertwined to the extent that action effects 

may also cue relevant knowledge representations rather than only associated motor codes. 

Consequently, the present study explored the extent to which anticipation of an action‘s perceptual 

effects can aid the retrieval of domain relevant information contained within the individual‘s 

knowledge representation. 

 

To examine this question, a group of participants performed a choice reaction time test (CRT) in 

which participants had to determine whether a picture displayed on a computer screen was related 

either to a baseball task (ball making contact with a baseball bat) or a tennis task (tennis racket 

hitting a tennis ball). Furthermore, following their decision, the participant would subsequently hear 

a sound relating to either the baseball task (bat-ball contact) or tennis task (racket-ball contact). The 

presentation of the sounds following each trial was presented in a block format such that for one 

block of reaction time trials, each decision was predictably followed by one of the sound stimuli 

(baseball or tennis related). It was hypothesized that reaction times would decrease when the RT 

response and sound effect were congruent (i.e., identification of a tennis picture followed by a 

tennis sound). This reduced reaction time would result from the anticipation of the sound effect 

(e.g., anticipation of the tennis sound), which would prime the relevant knowledge representation 

(e.g., tennis knowledge) thus aiding the processing of domain relevant information (e.g., quickly 

identifying that the picture was relating to the domain of tennis). In contrasts, reaction times were 

predicted to slow when the response and effect were incongruent (i.e., identification of a tennis 

picture while anticipating the baseball sound effect). As a second step, the extent to which skill 

level moderates the influence of the action effects on reaction time performance was also examined. 

It was predicted that skilled tennis performers would see greater reductions in reaction time for 

congruent response-effects for tennis stimuli than for novices. 

 

Results from the CRTs indicated significant differences in reaction times for the skilled tennis 

players when discriminating between tennis and baseball pictures under congruent and incongruent 

action effect blocks (see Figure 1). Specifically, the skilled tennis players were significantly faster 

in reacting to the tennis picture when the CRT was predictably followed by the sound of the tennis 

ball contacting the tennis racket (i.e., congruent action effect). In contrast, identification of the 

tennis stimuli was significantly slower when the CRT was followed by the sound of a baseball 

making contact with a bat (i.e., incongruent action effect). Interestingly, the congruency of action 

effect did not influence the CRT times for the skilled tennis players when reacting to the baseball 

stimuli. Furthermore, it should be noted that the skilled tennis players had no past experience with 

playing baseball. Consistent with these findings, the novices, who neither had experience with 
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baseball or tennis, were not significantly different in reaction time when responding to either 

baseball or tennis stimuli regardless of the congruency of the action effect (see Figure 1).   

 

 

Figure 1. Differences in mean reaction times between novice and skilled tennis players when performing the baseball 
and tennis choice reaction time test under congruent and incongruent action effect conditions.  

Given that reaction times were found to be facilitated for the skilled tennis players when the 

responses were followed by the corresponding action effect implies that knowledge representations 

are activated by the anticipation of a given action effect.This reduced reaction time results from the 

primimg of relevant knowledge representation (e.g., tennis knowledge) thus aiding the processing 

of domain relevant information (e.g., quickly identifying that the picture was relating to the domain 

of tennis).Furthermore, this effect was found to be moderated by the level of expertise of the 

individual. To this extent, only skilled tennis players were influenced by the congruence of the 

action effect when responding to the tennis stimuli. In contrast, for the novices, and for the tennis 

players when reacting to the baseball stimuli, no such influence of action effect was observed. This 

would suggest that well developed mental representations of the task domain are integral to the 

influence of action effects. These findings support the assumption that experts have better integrated 

and developed mental representation structures that allow for faster retrieval of action relevant 

knowledge. These findings extend current research by suggesting that action effects not only trigger 

underlying action codes, but also primes the domain relevant knowledge representation. 
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2.2 Modelling of walking-reaching control (UniTu) 
 

In order to investigate the integration of periodic and non-periodic kinematic primitives during 

complex actions that combine locomotion and goal-directed arm movements UniTu in collaboration 

with UniBi analyzed and modeled motion trajectories recorded by UniBi (by W. Land and T. 

Schack). The task was locomotion towards a drawer and subsequent opening of the drawer with 

pre-specified positions of an object on the drawer that the participants were supposed to grasp.  

  
Drawer-opening task dataset: Data  consist of the motion captured (MoCap) trajectories (N=10) 

of 3-step walking sequences:  1) normal walking step; 2) shortened step with the left-hand reaching 

towards the drawer handle (with strongly varying step length and timing); 3) drawer-opening and 

object grasping with the right hand while standing.  

 

The first panel of the figure below shows the initial period of the first step (at t=0.88 sec). The other 

panels show snapshots from the final intervals of the next steps. 

 

 
 

 

Learning of an online synthesis model for the trajectories:   
 

Joint angle trajectories, represented as time series with 3 components of normalized quaternions 

(exponential map representation of joints rotations), were approximated by an anechoic mixture 

model described by the following equation (𝑖 indexes all 51 angles, for 3 components of 17 skeletal 

joints):  

𝒙𝒊 𝑡 =  𝑤𝑖𝑗

𝑗

𝑠𝑗  𝑡 − 𝜏𝑖𝑗  + 𝑚𝑖  

Where the 𝑠𝑗 (𝑡) signifies  source signals, 𝑤𝑖𝑗  are the mixing weights, 𝑚𝑖  is the mean value of angle 

trajectory 𝒙𝒊(𝑡), and 𝜏𝑖𝑗  specifies time delays. We have shown in previous work that such anechoic 

mixture models result in much more compact representations (with less learned components) of 

trajectory data than traditional blind source separation methods such as PCA and ICA. 
 

The representation of the complete behavior with steps was established in the following way:  

Representation of the 1st gait step: joint angles were represented by 4 source functions: 1 non-

periodic and 3 periodic ones.  In order to model the non-periodic part of the trajectory we 

introduced the ramp-like time function 𝑠0 𝑡 = cos(𝜋𝑡/𝑇) that was controlled by a Hopf oscillator 
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(see below) and where 𝑇 was chosen as  the period duration of the Hopf oscillator and where 𝑡 is 

the phase of the Hopf oscillator divided by 2𝜋.  The delay of the non-periodic source was 

constrained to be zero, and the instant 𝑡 = 0 was always aligned with the zero phase of the Hopf 

oscillator. The weights of the non-periodic signal were set to compensate for the non-periodicity of 

the angle trajectory at its boundaries. During training, we subtracted the mean values and the non-

periodic parts from the joint angle trajectories and used the residuals to estimate the weights and the 

delays of periodic sources. For the estimation of the weights of the anechoic mixtures a standard 

anechoic demixing algorithm was modified in a way that constrained the delays of each source to be 

the same across all corresponding joint angle trajectories from different trials. For the generation of 

new trajectories by motion morphing we thus fixed the learned delays and interpolated the weights 

of the sources. This constraint for the delays reduced approximation quality compared to the 

unconstrained solution, so that we needed to introduce additional sources for the modeling of step 2 

and 3.   

 

Modeling of the 2nd gait step: we used the three source signals (with the same time delays as 

derived from 1st step), and identified a new set of suitable weights. Using these estimated forms and 

delays for the 3 periodic sources and the non-periodic one from the first step, we extracted the 

obtained optimal reconstruction of the trajectory of the second step. The resulting residual was then 

approximated by two additional sources, resulting in a reconstruction of the second step with five 

source function in total.  The 

modeling of the 3rd gait step was based on the non-periodic and the five periodic source signals 

with, where we again kept the time delays fixed as derived from the second step and just re-

estimated the weights. 

 

The overall architecture to generate behavior online is based on a dynamical system that generates a 

set of stable solutions that are mapped by nonlinear regression (using SVMs) onto the source 

functions obtained from the mixing model described above. The overall architecture is illustrated in 

Figure 1. The periodic source functions were generated online by the solutions of Hopf oscillators, 

which were coupled in order to ensure synchronization between the different source signals.  Hopf 

oscillators are characterized by a circular limit cycle attractor, and by appropriate coupling one can 

ensure that networks of such oscillators produce only a single stable solution in which the phases of 

all oscillators are synchronized (Mukovskiy et a. 2013). The non-periodic source was driven also by 

the leading Hopf oscillator, whose state was mapped by a fixed nonlinear function onto the non-

periodic source signal (see above).   In order to synchronize the solutions of the individual 

oscillators we used the linear one-to-all coupling between the phases of the leading one and the  

N-1 remaining Hopf oscillators. 

The attractor trajectories in the phase plane were mapped onto the source signals by support vector 

regression (SVR) using a radial bases function kernel. The leading oscillator was mapped onto the 

anechoic source signal with the dominating first harmonic, the source signal which most contributed 

to the explained variance of the approximated trajectories. 
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Figure 1: Architecture for the online synthesis of trajectories. 

 

The purpose of this nonlinear mapping was to associate the points [𝑥, 𝑦] along the attractor in the 

phase plane of the oscillators with the corresponding values of the source signal 𝑠𝑗 . We tried to 

avoid the introduction of explicit time delays in the implementation to keep the dynamics 

maximally simple [Giese et al. 2009]. As illustrated in the figure below we tried to approximate the 

terms 𝑠𝑗 (𝑡 − 𝜏𝑖𝑗 ) the form  𝑠𝑗 (𝑡 − 𝜏𝑖𝑗 ) ≈ 𝑓𝑗 (𝑀𝜏𝑖𝑗
𝑦(𝑡)) where 𝑀𝜏𝑖𝑗

 is the planar rotation in the phase 

plane of Hopf oscillator of the form: 𝑀𝜏𝑖𝑗
=  

cos(𝜑𝑖𝑗 ) −sin(𝜑𝑖𝑗 )

sin(𝜑𝑖𝑗 ) cos(𝜑𝑖𝑗 )
  and rotation angle 𝜑𝑖𝑗 =

−2𝜋
𝜏𝑖𝑗

𝑇  (𝑇 is the period of the limit cycle oscillations). These rotations in the phase plane can be 

modeled by an instantaneous mapping, removing the necessity to represent the time delays 

explicitly in the system dynamics. (See Figure 2.) 

 

 
 

Figure 2: Elimination of explicit delays from the system dynamics. 

 

All three step cycles of the walking sequences had different parameters, so that the weights of the 

mixtures of the periodic and non-periodic sources, as well the angle means were interpolated to 

construct smooth transitions from one step to another. Since the delays remained fixed for a given 

angle across all three steps in one sequence as well as across sequences they had not to be 

interpolated. The interpolation of the weights of the sources was done according to the following 

relationships:  𝑊𝑐𝑢𝑟𝑟  𝑡 =  1 − 𝛼 𝑡  𝑊𝑝𝑟𝑒 + 𝛼 𝑡 𝑊𝑝𝑜𝑠𝑡 ,  𝛼 𝑡 = 1/2 +
1

2
sin  

𝜋𝜑  𝑡 

2𝑇𝑖𝑛𝑡𝑒𝑟𝑝
  , where 

𝑊𝑝𝑟𝑒  and 𝑊𝑝𝑜𝑠𝑡  are the values of the weight for the previous and the next step, 𝑊𝑐𝑢𝑟𝑟  𝑡  is the 
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current value at time t. The parameter 𝜑 𝑡  that controls the morphing is the phase of the leading 

oscillator, which is equal to 0 at the beginning of the gait cycle and approaches 2𝜋 at the end of the 

gait cycle. The mixture coefficient 𝛼 𝑡  ranged from 0 to 50 % in the first half of the interpolation 

period 𝑇𝑖𝑛𝑡𝑒𝑟𝑝  (typically set to 
𝜋

5
) at the end of the previous step, and ranged from 50% to 100% in 

the second half of the interpolation period 𝑇𝑖𝑛𝑡𝑒𝑟𝑝  at the beginning of the next step. The weight of 

non-periodic source had to be treated differently, because it can change the sign (while having 

approximately the same amplitude) at the concatenation points of two steps. For this purpose, we 

determined the weights for the switching points between two subsequent steps by ensuring the 

continuity condition 𝑚𝑝𝑟𝑒 −𝑊 𝑝𝑟𝑒
0 = 𝑚𝑝𝑜𝑠𝑡 +𝑊 𝑝𝑜𝑠𝑡

0 = (𝑚𝑝𝑟𝑒 −𝑊𝑝𝑟𝑒
0 + 𝑚𝑝𝑜𝑠𝑡 + 𝑊𝑝𝑜𝑠𝑡

0 )/2 where 

𝑊𝑝𝑟𝑒
0  and 𝑊𝑝𝑜𝑠𝑡

0  are the estimated (learned) weights for this source for the previous and the next 

steps, and 𝑚𝑝𝑟𝑒  and 𝑚𝑝𝑜𝑠𝑡    are the corresponding means and where 𝑊 𝑝𝑟𝑒
0  and 𝑊 𝑝𝑜𝑠𝑡

0  are the 

weights immediately before and after step switching. We the interpolated separately in the phase 

before the step transition and after this transition using the computed transition weight as boundary 

values at the transition point. The weight before the step transition in the first step was given by the 

relationship 𝑊𝑐𝑢𝑟𝑟
0 (𝑡) =  1 − 2𝛼(𝑡) 𝑊𝑝𝑟𝑒

0 + 2𝛼(𝑡)𝑊 𝑝𝑟𝑒
0 , and in after the transition in the second 

step the weight was  given by 𝑊𝑐𝑢𝑟𝑟
0  𝑡 =  2𝛼 𝑡 − 1 𝑊𝑝𝑜𝑠𝑡

0 + (2 − 2𝛼 𝑡 )𝑊 𝑝𝑜𝑠𝑡
0 with 𝛼 again 

raising from 0 to 1 during the  interpolation period 𝑇𝑖𝑛𝑡𝑒𝑟𝑝 .  

 

Online synthesis of multi-step sequences with arm movements: Three periodic primitives and a 

non-periodic one were used to model the normal walking gait cycle. Two additional periodic 

sources were used to model steps 2 and 3. In the designed generative architecture the delays of the 

anechoic source signals remain fixed across steps and across trials. The source weights were 

morphed for each individual step, concatenating steps with different styles, depending on the target 

position. Figure 3 illustrates synthesized trajectories, where the target distance from the starting 

point was varied.  All tested  target distances were different from the ones present in the training 

data, showing that the online synthesis algorithm is able automatically to adapt to different target 

distances, at the same time producing very natural-looking motion. 
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Figure 3: Synthesized trajectories for two different distances of the target from the starting point of the avatar, 

demonstrating automatic adaptation of the behavior to the target position.  

 

 

In order to generate new trajectories for variable distances between the start point of the avatar and 

the object to grasp, we used a locally weighted linear regression technique (LWLR) in order to 

generate online the new weights of the source signals according from the continuously estimated 

residual step length and time to target contact.  In the proposed adaptive control architecture the 

step size and velocity were first estimated from the first step of the walking sequence. The 

admissible ranges for the step size was 1.35-1.55 m and for the step duration 1.15-1.35 s. The 

remaining distance between the goal position was estimated after the first step, and if the distance 

was very large, additional steps of the same type were introduced, allowing the avatar to reach the 

object even from very large distances. After the distance between goal and avatar was small enough 

a step with simultaneous walking and reaching movement was generated using the above algorithm. 

The distance between goal and avatar at the end of the sequence of pure walking  steps influenced 

the morphing weights for this walking-reaching step (in the range of 0.4 m-0.72 m and 0.6s-1.1s) 

and of the final step, during which grasping occurred. The proposed architecture with a set of 

coupled primitives allows the synthesis of adaptive multi-step sequence with the coordinated 

preparation of arm movements In addition, they capture the observation that such multi-step 

sequences are predictive, the goal position already influencing steps before the preparation of the 

target contact.   

 

Online adaptive control of the number of steps: In the scenario above with varying goal 

distances we have introduced a  higher level planner that varied adaptively the number of normal 

walking steps before the preparation of the reaching behavior was initiated, generating an adaptive 

two-step sequence that resulted in the correct overall movement. The same strategy can be applied 

to the rachijg step and top the final step.  
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 This architecture makes it possible to react even in the case that the goal position changes during 

the generation of the behavior. This is illustrated in Figure 4, where the goal jumps to a new 

position during the execution of the reaching behavior. (Here the target jumps at t=1.94 sec.)  By 

automatic adaptive insertion of a second reaching step and a second step with grasping, the 

algorithm is able to produce a natural-looking  behavior even in this challenging situation. The 

second step plus the reaching is repeated twice sequentially. Similar to the previous control strategy, 

the online modified weights of anechoic source signals depended on the estimated target distance 

and expected reaching time after the perturbation. 
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