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Abstract 

 
Human rich motor skills were investigated in a variety of tasks and motor primitive were 
identified at the neuromuscular, kinematic, and cognitive levels providing new knowledge 
on the human motor control and cognitive architecture. Comparison of basic patterns of 
muscle activities at different developmental stages, from newborn babies to adults, 
indicated that new motor primitives are added and existing primitives refined during 
development. Comparison of muscle patterns during bipedal and quadrupedal locomotion 
highlighted the flexible coupling between arm and leg central pattern generators. Muscle 
synergies for arm reaching towards a static target were found to be also employed during 
visually guided corrections towards a moving target, suggesting that complex sensorimotor 
skills can be constructed using the same motor primitives used for simple skills. Inter-
individual variability in catching kinematics raised the question whether subject-specific 
motor primitives are required for motor skills that allow for multiple solutions. Investigation 
of drawing kinematics indicated that the 4D joint-space can be very accurately described by 
using only three functional sources and that movement representation in spherical 
coordinates provides a simple solution to the redundancy problem. Investigation of 
kinematics of reaching while walking provided evidence for a modular organization of 
complex movements based on distinct modules for periodic and non-periodic movements. 
Pointing in a augmented reality environment indicated a close coupling of posture and end-
effector position and supported the notion of motor primitives as crucial for solving the 
redundancy problem. Cognitive building blocks of action representation were identified in a 
golf putting task and their changes with motor learning were characterized. Finally, studying 
a task involving walking and object manipulation, whole body posture was found to be 
coordinated in anticipation of future actions. Taken together this extensive set of 
investigations and results provides novel biological inspiration for further developments of 
the AMARSi architectures and robot experimentation scenarios. 
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Introduction 
 
The general objective of WP1 is to inform the development of a biologically-grounded 
adaptive modular architecture for robots with existing and new knowledge on the human 
motor control and cognitive architecture. In particular, our goal was to collect kinematic and 
EMG data during reach motor skills (T.1.2) and to identify from those data motor primitives 
(T.1.3) at the neuromuscular, kinematic, and cognitive levels. In this deliverable we present 
the results of the analysis of kinematic and EMG data collected during different human 
motor behaviors, in both infants and adults, performed using a variety of methods aiming at 
identifying motor primitives at different levels. 
 
In infants, the SLF team has investigated locomotor primitives at different developmental 
stages, ranging from newborn babies, to toddlers, to preschoolers. This investigation has 
been focused at the neuromuscular level and motor primitives have been identified as 
functional units that explain specific spatiotemporal components in the recorded EMG 
patterns.  
 
In adults, a variety of motor skills have been investigated: locomotion (SLF); arm 
movements during reaching (SLF and UniBi), catching (SLF), and drawing (Weizmann); 
combination of reaching and locomotion (UniTu); golf putting (UniBi). The level of analysis 
and the notion of motor primitive used in these investigations spanned all the levels and 
notions represented in the AMARSi consortium (see Deliverable 1.1). At the neuromuscular 
level, coordination between central pattern generators for the arms and the legs was 
investigated by analyzing the spatiotemporal pattern of motoneuronal activity in the cervical 
and lumbosacral spinal cord estimated from EMG data. Also at the neuromuscular level, the 
notion of time-varying muscle synergy was applied by the SLF group to the analysis of 
EMG patterns during reaching to a target whose location changes after movement initiation. 
At the kinematic level, inter-individual variability in catching kinematics was characterized 
by the SLF group, coordinate frames for representation of arm motion during drawing in 
task and joint spaces were investigated by the Weizmann group, and motor primitives were 
identified in the joint angles during reaching by the UniBi group and during combined 
walking and reaching by the UniTu group. Also at the kinematic level, a Bayesian Binning 
algorithm has been used by the UniTu group to identify movement segments. At the 
cognitive level, the UniBi group has investigated the effect of practice and of instructional 
strategy on the development of cognitive primitives. 
 
Finally, preliminary methodological work on the comparison of unsuperivised learning 
algorithms for the identification of motor primitives (reported in Deliverable 1.1) was further 
developed by the UniTu group in collaboration with the SLF group. 
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Locomotor primitives  
 
There is growing evidence that a rich repertoire of complex behaviors can be constructed 
from the flexible combination of a small set of basic modules (or primitives). Locomotion 
represents an ordinary activity that bipedal and quadrupedal animals do in everyday life. 
The modular organization of the locomotion control system can be analyzed at different 
levels: neural (‘central pattern generator’), muscular (muscle synergies), kinematic 
(coupling and coordination of multiple degrees of freedom of the body), etc. Indeed, it is 
generally accepted that the basic neuronal ‘module’ for locomotion is central pattern 
generator (CPG).  
 
The research activity of the SLF team related to the investigation of modular organization of 
locomotion control was focused on  

- development of locomotor primitives in humans (from newborns to adults)  
- coupling of arm and leg CPGs in human crawling.  

 

Locomotor primitives in newborn babies and their development  
 
How locomotor primitives develop and rudimentary movements evolve into sophisticated 
ones during development remains poorly understood. A locomotor module (or primitive) is a 
functional unit—implemented in a neuronal network of the spinal cord—that generates a 
specific motor output by imposing a spatiotemporal structure to muscle activations. Each 
module involves a basic activation pattern (temporal structure) with variable weights of 
distribution (spatial structure) to different muscles (Fig. 1A). Thus, the electromyographic 
(EMG) activity of trunk and leg muscles during human adult locomotion is explained by few 
basic patterns independent of locomotion mode, direction, speed, and body support. These 
patterns may be regarded as locomotor primitives in a computational sense, because they 
are the building blocks from which locomotor activities are constructed. But are they 
primitives also in a developmental sense—that is, are they related to precursors present at 
or before birth?  
 
Stepping responses can be elicited in newborn babies, but they are very irregular and 
variable. Moreover, stepping typically disappears 4 to 6 weeks post-natally - unless trained 
or supported by water buoyancy - and then it reappears at about 6-8 months when it 
evolves into intentional walking. Meanwhile, size, mass and proportions of the infant body 
segments have changed dramatically since birth, as have the biomechanical requirements 
for locomotion. Infant stepping shows sensory adaptation to imposed speed, loading and 
perturbations, but its kinematics differs markedly from that of more mature walking. 
 
Several different hypotheses have been considered regarding the development of motor 
patterns, but no definitive answer has been given so far. 1) An initially large number of 
variable motor patterns undergo a selection process, leaving the smaller set of adult-like 
stereotyped patterns. 2) The primitive patterns are discarded tout court, replaced by entirely 
new patterns. 3) The primitive patterns are retained and tuned, while new patterns are 
added to the native ones during development. Clearly, these solutions imply different 
constraints on the development of the underlying neural networks.  
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Figure 1: (A) Schematic of motor modules. Simulated example of muscle activity profiles as weighted sum of 
basic patterns: mi(t)=Σjpj(t)wij. The outputs of the first (green), second (blue), and third (magenta) modules are 
summed together to generate overall muscle activation (black envelope). (B) Illustration of a step cycle in a 
neonate.  
 
 
To discriminate between these possibilities, we compared the locomotor patterns of 
neonates (2-7 days old, n=39) with those of toddlers (11-14 months, n=10), preschoolers 
(22-48 months, n=10), and adults (25-40 yrs, n=10). In addition to kinematics and contact 
forces, we recorded the electromyographic activity (EMG) from up to 24 muscles 
simultaneously. Neonates performed forward steps after contacting the surface table with 
their feet, while they were adequately supported (Fig. 1B).  

 
In neonates, EMG was modulated sinusoidally with the step cycle, with many extensor 
muscles coactivated over most of stance, and flexor muscles coactivated mainly during 
swing (Fig. 2A). Toddlers exhibited more complex, individuated EMG profiles, which were 
similar to those of preschoolers and adults, but sinusoidal modulation persisted in some 
muscles. Motoneuron outputs gradually became pulsatile, as in adults.  
 
To quantify the basic patterns underlying bilateral muscle activations, we applied a 
nonnegative matrix factorization to the EMGs pooled across steps. Because the EMG 
profiles were similar relative to a cycle regardless of its period, all data were normalized to 
the cycle. In each group of subjects, we could reproduce the EMG profiles of all recorded 
muscles by combining two to four basic patterns (Fig. 2B) with appropriate weights (Fig. 
2C). Patterns were ordered on the basis of the relative timing of the peak. Two sinusoidal-
like patterns accounted for 89 ± 6% (mean ± SD) of variance across neonates. One pattern 
peaked at ~30% of the cycle, and the other one at ~75%. For both, the duration at half-
maximum was ~35% of the cycle. In toddlers, we found two kinds of basic patterns, and a 
total of four patterns accounting for 90 ± 4% of variance. The peak durations of patterns 1 
and 3 were ~20% of the cycle. The shape of patterns 2 and 4 was similar to that of the 
neonate (neonate-toddler correlation r = 0.88 and 0.98, respectively), as were peak duration 
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(~35%) and timing (25 and 75%, respectively). Therefore, we infer that patterns 2 and 4 are 
retained from the stage of newborn stepping, whereas patterns 1 and 3 develop after that 
stage. In preschoolers, all four patterns (accounting for 91 ± 2% of variance) showed 
transitional shapes, the average peak timing being intermediate between that of the toddler 
and the adult. Patterns 2 and 4 were quite variable across preschoolers, with a time shift of 
the peak relative to the cycle that correlated with age (r = 0.86 and 0.79 for patterns 2 and 
4): the older the child, the closer the pattern to the adult. These transitional patterns 
strongly suggest a continuous development of the corresponding motor modules. In adults, 
we also found four patterns explaining 89 ± 4% of variance, with peak duration 15 to 20% of 
the cycle. The timing of patterns 1 and 3 was similar to that in toddlers and preschoolers. 
Patterns 2 and 4 were timed on each foot contact, instead of midstance or midswing as in 
neonates and toddlers. The results depended little on the specific EMG decomposition 
technique.   

 
The neural underpinnings of these developmental changes remain speculative. Neonate 
stepping mainly reflects spinal and brainstem control, as shown by stepping anencephalic 
infants. Subsequent development stems from a growing integration of supraspinal, 
intraspinal, and sensory control. The lack of a specific activation pattern timed on foot 
contact in neonates could depend on immature sensory and/or descending modulation of 
stepping. Indeed, in the absence of sensory and descending modulation (e.g., during fictive 
locomotion), the spinal circuitry of animals may produce sinusoidal-like patterns, similar to 
those of human neonates. The addition of basic patterns in the first months of life may imply 
a functional reorganization of interneuronal connectivity, additional functional layers in the 
spinal central-pattern-generators (CPGs), and/or more powerful descending and sensory 
influences on CPGs.  
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Figure 2: Recorded EMG profiles and derived basic patterns. (A) Ensemble-averaged (across all subjects of 
each group) EMG profiles during the step cycle, aligned with stance onset in the right leg. Shaded areas are 
the experimental data, and black traces the profiles reconstructed as weighted sum of the patterns extracted 
from the ensemble. ES, erector spinae; GM, gluteus maximus; TFL, tensor fasciae latae; Add, adductor 
longus; HS, hamstrings; VM, vastus medialis; VL, vastus lateralis; RF, rectus femoris; MG, gastrocnemius 
medialis; LG, gastrocnemius lateralis; Sol, soleus; TA, tibialis anterior. (B) Basic patterns from averaged 
(across steps) EMG profiles in 10 subjects of each group (black). Patterns from ensemble EMG averages 
(colored). (C) Normalized weights of the ensemble patterns in color scale. 
 
 
Habitual erect, bipedal mode of locomotion sets humans apart in the animal kingdom and 
may have been a crucial initiating event in human evolution. Given the unique 
biomechanical features of human locomotion, it is not surprising that its muscle activity 
profiles differ markedly from those of other animals. Also, the developmental time course 
can differ: small-brained animals tend to walk independently shortly after birth, whereas 
independence is achieved by human infants only after ~1 year. These observations beg the 
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question: Are the basic motor patterns unique to humans, or are they shared by other 
vertebrates with legged terrestrial locomotion? We applied the same analysis used in 
humans to the published recordings available from a few other mammals (rat, cat, rhesus 
monkey) and a bird (guineafowl). Guineafowls are bipedal, whereas the other three species 
are quadrupedal. In neonate stepping rats, we found two patterns (accounting for 81% of 
variance) nearly identical to those of human neonates (human-rat correlation r = 0.94 and 
0.98 for patterns 2 and 4, Fig. 3A). In all examined adult animals, we found four patterns 
with two types of modulation (accounting for 90 to 93% of variance, Fig. 3B): the two 
shorter pulses overlapped patterns 1 and 3 of human toddlers, whereas the two longer 
pulses overlapped patterns 2 and 4 of toddlers (toddler-animal correlation r = 0.94 ± 0.04). 
The human developmental path appears to diverge from that of other animals after the 
stage of independent locomotion in toddlers, perhaps to accommodate discrete arm 
movements (such as reaching and grasping an object) within rhythmic locomotion. Upper 
limb and trunk muscles can be engaged independently of locomotor activations (involving 
some of the same muscles) only if the latter occur as the brief events of adults (Fig. 3C). 
 
 

 
 
Figure 3: Comparison of activation patterns for locomotion in humans and other vertebrates. (A) Average 
patterns of human newborns are superimposed on those of neonatal rats; (B) patterns of human toddlers are 
superimposed on those of adult rats, cats, monkeys, and guineafowls; and (C) patterns of human adults stand 
alone.  
 
 
Our observations are consistent with the idea that motor patterns are highly conserved 
across substantial phylogenetic distances and morphological morphological differences of 
vertebrates. Thus, we identified similar activation patterns in animal species, some of which 
probably diverged more than 100 million years ago. Locomotion in humans and other 
species may be built starting from common, largely inborn primitives. CPGs coordinating 
muscle activity in legged vertebrates may have emerged during evolution from a common 
ancestral network. Conserved locomotor primitives may be a systems-level analog of the 
core modules of evolutionary biology. Genes, proteins, cell types, and networks are 
conserved across several species with different lineages, constructing diverse natural forms 
and functions. Old elements are not discarded in favor of a totally new design, but they 
become adapted to solve novel problems efficiently.  
 



10 
 

In sum, how rudimentary movements evolve into sophisticated ones during development 
remains poorly understood. Thus, irregular stepping can be reflexly evoked soon after birth, 
but it usually disappears within few weeks to reappear several months later as intentional 
walking. It is often assumed that the primitive patterns of neural control are suppressed 
during development. Here we show that the two basic patterns of lumbosacral 
motoneuronal activity -identified from multi-muscle recordings in stepping neonates- are 
retained, augmented by two new patterns in toddlers. Strikingly similar patterns are 
observed also in the rat, cat, macaque and guineafowl, consistent with the hypothesis that 
locomotion in several animal species is built starting from common primitives, perhaps 
related to a common ancestral neural network. The results of this study are published in 
Science (Dominici et al. 2011).  
 
 

Coupling of arm and leg central pattern generators in humans crawling behavior  
 
 
Bipedal locomotion is a hallmark of human locomotion. However, humans can also walk on 
all four limbs. Interlimb coordination of crawling kinematics in humans shares features with 
other primates and non-primate quadrupeds, and it has been suggested that this is due to a 
common locomotion central pattern generator (CPG) (Zehr et al. 2009). Toddlers often 
crawl before they begin walking unsupported; most of them crawl on the hands and knees, 
but some use a hands and feet pattern (Patrick et al. 2009). Moreover, a few families have 
been identified with congenital CNS disorders resulting in equilibrium impairment and a 
preferred locomotion on hands and feet. To extend these findings and to further explore the 
neural control of bipedal vs. quadrupedal locomotion, we used a crawling paradigm in which 
healthy adults crawled on their hands and feet at different speeds and at different surface 
inclinations (14°, 26° and 35°) (Fig. 4).  
 
Ground reaction forces, limb kinematics and electromyographic (EMG) activity from 26 
upper and lower limb muscles on the right side of the body were collected. The EMG 
activity was mapped onto the spinal cord in approximate rostrocaudal locations of the 
motoneuron pools to characterize the general features of cervical and lumbosacral spinal 
cord activation (Ivanenko et al. 2006).  
 
Ipsilateral phase lag (IPL) between upper and lower limbs was determined using the 
relative timing of right upper limb contact expressed as a percentage of the gait cycle 
determined by consecutive right foot contacts:  

%1001 ⋅=
T
tIPL      

where t1 is interval of time between right foot (RF) and right hand (RH) touchdown events 
and T is cycle duration (Fig. 4, upper left panel). According to this method, lateral gait 
patterns (ipsilateral upper/lower limbs contact at similar instances) are determined at a 
value of 0% and diagonal gait patterns (contralateral upper/lower limbs contact at similar 
instances) are determined at a value of 50%. No limb pairing is shown between these 
values (~25%).  
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Figure 4: General coordination patterns in human crawling. Group-averaged limb contact patterns (A) and 
ipsilateral phase lag for the group average (B, top) and individual participants (B, bottom). In A, the bars 
indicate stance phase for the left foot (LF), left hand (LH), right hand (RH), and right foot (RF) as well as a 
graphical illustration for determining time interval (t1) and cycle duration (T) when calculating ipsilateral phase 
lag (see the above equation). A percentage of 0 corresponds to a lateral form of locomotion, whereas a value 
of 50% corresponds to diagonal.  

 
 

The coordination between the upper and lower limbs in humans may be due to sustained 
neural linkages between the cervical and lumbosacral pattern generators. Such linkages 
between the upper and lower extremities in humans have been shown by modulation of 
electromyographic and reflex activity of the upper limbs during rhythmic activity of the lower 
limbs and vice versa as well as by tight coordination between the limbs in a variety of 
locomotor tasks. Coupling between the upper and lower limbs has also received significant 
attention in the context of locomotor function impairment. 
 
Taking the above considerations into account, we wondered if reconstructing the 
spatiotemporal organization of the spinal motor output (by mapping muscle activations to 
the motoneuron pools) provides insight into the coordination between the cervical (arm 
muscle control) and lumbosacral (leg muscle control) enlargements during quadrupedal and 
bipedal gaits in humans. We detailed the spatiotemporal characteristics of kinematic and 
muscle activation patterns when healthy adults crawled on their hands and feet at different 
speeds and at different support surface inclinations to generate a repertoire for comparison 
with human bipedal walking and quadrupedal walking in animals.  
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Figure 5: Inter-participant variability of MN activity and crawling kinematics. A: MN activity of 3 separate 
participants walking at 1.5 km/h. These participants represent limb coordinations close to lateral, diagonal, 
and no limb pairing. B: relationship between dominant lumbar-cervical MN activity phase shift (L2 + L3 vs. C8 
+ T1) and ipsilateral phase lag. Each data point represents the mean value for a participant for a single speed 
condition, and the line represents the estimated linear relationship between the variables. 
 
 
The results show some unique features of quadrupedal gait performance in humans 
including a flexible coupling between cervical and lumbosacral enlargement activity, 
differences between ground reaction force profiles between the upper and lower limbs and 
the level of motoneuron activation in the spinal cord. In addition, participants exhibited a 
large range of kinematic coordinations (diagonal vs. lateral patterns), which is in contrast to 
the stereotypical kinematics of upright bipedal walking suggesting flexible coupling of 
cervical and lumbosacral pattern generators (Fig. 5).  
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Figure 6: Motor patterns in human crawling at different surface inclinations and during level upright walking at 
5 km/h. The format of the presentation in A is similar to that of Fig. 6 with a separate representation of lumbar 
and sacral activity in B. The dashed lines in B represent mean lumbosacral and cervical MN activation during 
upright walking at 5 km/h.  
 
 
The spatiotemporal pattern of spinal cord activity significantly differed between quadrupedal 
and bipedal gaits (Fig. 6). Results showed strikingly dissimilar directional horizontal forces 
for the arms and legs, considerably retracted average leg orientation (Table 1), and 
substantially smaller sacral vs. lumbar motoneuron activity compared with quadrupedal gait 
in animals.  
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Table 1. Average limb orientation in mammals (mean±SD) during quadrupedal walking.  
 

group n Average FL angle n Average HL angle 
Small Mammals 
 
Primates 
 
Human 

6 
 

50 
 

10 

-6±5° 
 

-2±3°  
 

9±2°  * 

6 
 

47 
 

10 

3±7° 
 

2±4° 
 

-21±2°  ** 
 
The data for small mammals and primates were taken from (Larson and Stern 2009). FL – forelimb, HL –
hindlimb. Positive values denote limb protraction, zero refers to the vertical average limb orientation. The data 
on human crawling are presented at 3 km/h. One-tailed t-test was applied to assess significant differences 
from zero. * p<0.0001, ** p<0.000001.  

 
 

A gradual transition to a more vertical body orientation (increasing the inclination of the 
treadmill) led to the appearance of more prominent sacral activity (related to activation of 
ankle plantar flexors), typical of bipedal walking (Fig. 6). The findings highlight the 
reorganization and adaptation of CPG networks involved in the control of quadrupedal 
human locomotion and a high specialization of the musculoskeletal apparatus to specific 
gaits.  
 
Overall, this study provides new data on the reorganization and adaptation of central 
pattern generator networks involved in the control of quadrupedal human locomotion during 
different environmental constraints. Of particular interest was a decrease in sacral when 
compared to lumbar motoneuron activation and the flexibility in the spatiotemporal output 
for the spinal segments. Sacral activity tended to increase with increasing surface 
inclination which more closely resembled upright walking. The findings of neuromechanical 
coupling between upper and lower limb motion could lead to a better understanding of the 
hypothetical evolution of human gait from quadrupedal locomotion, and are also of 
particular interest to the construction of biologically inspired robots or for clinical 
applications. The results of this study are published in (Maclellan et al. 2012). 
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Motor primitives in goal directed arm movements 
 
In the last few years, motor primitives at the neuromuscular level were identified in goal 
directed arm movements as muscle synergies extracted from EMGs recorded in a simple 
reaching tasks across a variety of experimental conditions. In particular the SLF group 
investigated time-varying muscle synergies, i.e. coordinated recruitment of groups of 
muscles with specific activation profiles capturing the spatiotemporal organization of the 
muscle patterns (see D.1.1), in fast reaching movements to targets in different directions on 
the frontal and sagittal planes (d'Avella et al. 2006) as well as reaching movements in 
different directions and different speeds (d'Avella et al. 2008). We have now extended the 
investigation of the spatiotemporal organization of muscle patterns during goal directed arm 
movements to more complex and naturalistic motor skills. In particular we have analyzed 
kinematic and EMG data collected during reaching towards a moving target.  
 
In one line of research, extending the experimental protocols previously employed to study 
simple reaching movements,  the SLF group has investigated whether the muscle patterns 
for reaching towards a target whose location changes after movement onset could be 
generated by the combination of the same motor primitives used for point-to-point 
movements. The superposition and modulation of three time-varying muscle synergies 
were extracted from arm EMGs of point-to-point movements also reconstructed the muscle 
patterns for target change movements. These results suggest that a common modular 
architecture is used for the control of unperturbed arm movement and for its visually guided 
online corrections (d'Avella et al. 2011b).  
 
The SLF group has also started a new line of research aimed at investigating kinematics 
strategies and EMG patterns for catching balls flying in three dimensional space. An 
actuated launching apparatus was developed to project balls with controlled flight 
characteristics (d'Avella et al. 2011a). A first surprising results has come from the analysis 
of arm kinematics. In contrast to the stereotypical kinematics of reaching to static targets, 
large inter-individual variability in several kinematic parameters during interception of a 
moving target was observed (Cesqui et al. 2012). These results suggest that in 
unconstrained, naturalistic task different sets of subject-specific motor primitives may lead 
to comparable performance.  
 
 

Muscle synergies for on-line reaching corrections  
 
The control of goal-directed limb movements requires sensory information about the goal 
and the state of the limb to generate appropriate muscle activation patterns, coordinating 
the kinematically and dynamically complex multi-joint musculoskeletal system and 
compensating for errors due to noise or perturbations. Because of the latencies in the 
transmission and processing of sensory signals, preprogramming of the muscle patterns is 
necessary until sensory information can be used as a feedback signal for error correction. 
In both cases, knowledge of the kinematic and dynamic characteristics of the 
musculoskeletal system needs to be exploited for efficient and accurate control. For 
example, an inverse internal model of the limb geometry and of the musculoskeletal 
dynamics can be used to map a desired endpoint trajectory into the muscle patterns driving 
the endpoint along that trajectory (Kawato 1999).  A forward model can be used to map an 
efferent copy of the motor commands into an estimation of the endpoint error to be used in 
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an internal error-correcting feedback loop (Desmurget and Grafton 2000). However, how an 
internal model might be implemented in the central nervous system is still an open 
question. Any explicit analytical model, even if it could be implemented by a large neural 
network, it would be impossible to learn efficiently because of the number of degrees-of-
freedom and parameters involved (Wolpert and Ghahramani 2000). In contrast, an implicit 
mapping based on approximating the input-output relationships of the exact model by 
combinations of a few basis functions might allow for efficient learning and would constitute 
a modular control architecture. 
 
We have recently provided support to the notion of muscle synergies as basis functions for 
the generation of the muscle patterns for reaching. We have shown that the muscle 
patterns for fast reaching in different directions (d'Avella et al. 2006) and for reaching in 
different directions and with different speeds (d'Avella et al. 2008) are well described by the 
combination of a few time-varying muscle synergies, coordinated recruitment of groups of 
muscles with synergy-specific muscle activation waveforms, appropriately scaled in 
amplitude and shifted in time. However, it is not clear whether muscle synergies are also 
involved in generating corrective movements during reaching.  
 
Here we investigated the changes in the activity of many muscles in response to changes in 
target location during fast reaching movements in multiple directions in a vertical plane. In 
particular, we tested whether the same muscle synergies used for point-to-point 
movements are also employed for on-line corrections and whether the muscle patterns 
underlying the corrective movements are obtained by the delayed superposition of the 
muscle patterns for the movement from the first to the second target to the muscle pattern 
for the unperturbed reach to the first target. 
 
We recorded hand kinematics and EMG activity from shoulder and arm muscles during fast 
reaching movements in the frontal plane to either a target at a fixed location or to a target 
whose location changed unpredictably after the movement go signal. The experimental 
apparatus (d'Avella et al. 2006), consisted of a set of fixed spheres and a handle. A central 
sphere was used to indicate the start location and eight peripheral spheres, positioned on a 
circle at 30 cm from the central sphere on a vertical plane at ~45° from each other were 
used to  indicate target locations. Five right-handed subjects  participated in the 
experiments after giving written informed consent. Subjects performed blocks of reaching 
movements while standing. Within each block, for each one of the eight peripheral targets 
three different types of trials were performed in random order. Radial movements were 
point-to-point movements starting from the central location to a peripheral target. Tangential 
movements were also point-to-point movements starting from the peripheral target and 
reaching one of the two adjacent targets. Target change movements were movements from 
the central location initially toward a peripheral target and, after the go signal, to one of the 
two adjacent targets. Each trial started, when the reference sphere was positioned at the 
start location, with a ready signal followed by a go signal after which subjects were 
instructed to reach the final target within a given time interval and to remain at the target 
location for at least 1 s (target hold period). In target change trials three different delays (50, 
150, and 250 ms) from the go to the target change signals were tested.  
 
Muscle synergies were extracted both from point-to-point muscle patterns and from target 
change muscle patterns. We extracted time-varying muscle synergies from averaged, 
phasic, normalized muscle patterns for radial and tangential point-to-point movements 
using a iterative optimization algorithm (d'Avella et al. 2006). We then tested whether the 
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same set of time-varying muscle synergies capturing the variation in the muscle patterns 
across movement directions in point-to-point movements, i.e. in either radial or tangential 
movements, could also reconstruct the muscle patterns for movements to a target whose 
location changes after the movement instruction signal by fitting those point-to-point 
synergies on the target change patterns. Since the target change patterns involved an initial 
movement followed by a corrective movement, we allowed for multiple instances of each 
synergy to be used in the reconstruction.  
 
All subjects were able to perform the majority of trials in each condition according to the 
instructions, i.e. to reach the final target within 550 ms from the go signal (radial and 
tangential movements) or the target change signal (delayed of either 50, 150, 250 ms from 
the go signal). Performance varied across conditions (mean success rate over subjects 
ranged from 70 % for 50 ms target change trials to 94 % for tangential trials) and subjects 
(the mean success rate across conditions ranged from 68 % for subject 3 to 97 % for 
subject 5).   
 
Radial and tangential movements showed stereotypical straight paths with bell-shaped 
tangential velocity profiles (Fig. 7, columns 1-2). In contrast, the kinematic features of target 
change movements showed variations across trials and with target change delay (Fig. 7, 
columns 3-5). Most velocity profiles had two distinct peaks, with a delay  between the first 
and the second peak increasing on average with the target change delay. At the shortest 
target change delay (50 ms), most paths curved towards the final target before reaching the 
initial target. The mean peak time of  the tangential velocity of the corrective movements 
with respect to the target change signal ranged from 298 ms (subject 5, 150 ms) to 377 ms 
(subject 4, 50 ms). Because these timing distributions had widths comparable to the  
difference between each pair of adjacent target change delays (100 ms), the distributions of 
the times of peak tangential velocity of the corrective movement with respect to the 
movement onset for the three target change conditions overlapped. Thus, to average 
kinematics and EMGs across similar conditions we subdivided all target change trials into 
two groups (early and late corrections), for each subject,  according to the time of peak 
tangential velocity of the corrective movement, excluding the lowest and highest 5% of the 
data. 
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Figure 7: Examples of kinematics across task conditions. Endpoint trajectories (a) and tangential velocity 
profiles (b) in the frontal plane of subject 1 for radial movements (n = 30) from the start location (0) to one 
target (1), tangential movements (n = 30) from the same target (1) to either adjacent targets (2 and 8),  and 
target change movements (n = 10) from the start location to the same initial target (1) and (after a delay of 50, 
150, or 250 ms from the go signal) to either adjacent targets (2 and 8). The average endpoint positions at 
movement onset and end in radial movements are indicated by gray circles (onset: darker gray, end: lighter 
gray) . The position at the time of the first speed peak is indicated by a gray dot. Tangential velocity profiles 
are aligned to the time of movement onset. The inset in panel (a) illustrates the angular deviation of the initial 
movement direction (θini) of one target change trial (50 ms), defined as the angle between the vector pointing 
from the endpoint position at movement onset to the position at the first speed peak (shorter dashed line) and 
the vector pointing from the average initial position to the average final position in radial movements (longer 
dashed line). 
 
We compared the muscle patterns for radial and tangential point-to-point reaching 
movements with the patterns observed when reaching targets whose locations changed 
after the go signal. Depending on the initial movement direction, different muscles were 
responsible for accelerating the arm and thus were active before movement onset. For 
example, in medially directed radial movements (target 1) anterior deltoid and pectoralis 
showed an early and strong activation burst and superior trapezius a decrease in postural 
activity (Fig. 8 first column). Not surprisingly, target change muscle patterns with the initial 
target in the same direction had very similar muscle activation waveforms preceding 
movement onset (Fig. 8 third and fourth column). Target change muscle activation 
waveforms after movement onset were for some muscles close to the sum of the radial 
waveform and the tangential waveform, delayed by difference between the time of peak 
tangential velocity of corrective movement and of the tangential movement. However, for 
other muscles target change waveforms were significantly different from the superposition 
of radial and delayed tangential waveforms. Thus, a visual inspection of the averaged 
muscle activation waveforms suggested that muscle patterns underlying target change 
movements were not simply the superposition of muscle patterns underlying the point-to-
point movements from the start to the initial target and, after a delay, from the initial target 
to the final target. 
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Figure 8: Example of averaged EMGs. Band-pass filtered, rectified, low-pass filtered muscle activation 
waveforms of subject 1 for radial movements to target 1 (first column), a clockwise tangential movement from 
target 1 to target 2 (second column), a target change movement to target 1 initially and to target 2 after a short 
(third column) or long (fourth column) latency, aligned to the time of movement onset, and averaged over trials 
in the same conditions are  shown in the upper part of the figure time aligned with the tangential endpoint 
velocity. Dashed vertical lines indicate the time of movement onset, first peak in tangential velocity, movement 
end for all types of movements and, additional, the time of peak tangential velocity of corrective trajectory for 
target change movements. The shaded area along each mean muscle activation waveform represent its 
standard error. 
 
To test whether target change muscle patterns could be obtained by the superposition and 
modulation of the same time-varying muscle synergies used for point-to-point movements, 
we first extracted time-varying muscle synergies from averaged, phasic, normalized muscle 
patterns for radial and tangential movements. With three synergies, the R2 values for the 
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reconstruction of radial and tangential patterns ranged from 0.84 (subject 1) to 0.75 (subject 
3). Each synergy comprised both synchronous and asynchronous synergy-specific muscle 
activation waveforms of different groups of muscles spanning different joints (Fig. 9a) and 
each synergy was modulated in amplitude with a characteristic cosine directional tuning 
(Fig. 9b) and was recruited with specific onset times in the directions where is was most 
active (Fig. 9c). We used a colored rectangular surface to illustrate the combined directional 
modulation of amplitude and timing coefficients (Fig. 9d).  
 

 
Figure 9: Structure and directional tuning of synergies extracted from radial and tangential muscle patterns. 
(a) Three time-varying synergies extracted from the point-to-point averaged, normalized patterns of subject 1. 
The mean trace within the gray rectangle at the bottom shows the mean of the muscle activation waveforms 
specific for each synergies and it is useful to provide a compact graphical representation of the timing of the 
muscle activations. (b) Polar plots showing the directional tuning of the amplitude coefficients for radial point-
to-point movements of the three synergies in radial movements (colors as in panel a, radial coordinate 
represents the synergy amplitude coefficient value for a movement in the corresponding direction; dashed 
circle corresponds to a value of 2 for synergies normalized to the maximum Euclidean norm of the muscle 
activation vector over all 50 synergy time samples). (c) Polar and Cartesian plots illustrating the directional 
tuning of the timing coefficients (T) of the three synergies in radial movements.  (d) Color-coded 
representation of the combined directional tuning of amplitude and timing coefficients. The colored rectangular 
surface is obtained by interpolating across movement directions (y-axis) the time course (x-axis) of the mean 
muscle activation waveform of each synergies (profiles on the bottom of the panel, colored as in panel a), 
scaled in amplitude according to the direction specific synergy amplitude coefficients (panel b) and time 
shifted according to the direction specific synergy onset coefficients (panel c). The short red horizontal tick 
mark on the left of each rectangle indicate the preferred direction of the amplitude tuning. Vertical lines 
indicate the time of movement onset (green) and of the first peak of tangential velocity (red). 
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We then used, for each subject, the set of 
three synergies extracted from radial and 
tangential movements to reconstruct all 
averaged, phasic muscle patterns for target 
change movements.  The R2 values of the 
reconstruction of target change patterns 
ranged from 0.67 (subject 3) to 0.78 (subject 
5), indicating that three point-to-point 
synergies captured most of the data 
variation also for the target change patterns.  
 
To compare the recruitment of the synergies 
in point-to-point and in target change 
movements we first matched the multiple 
synergy instances necessary to reconstruct 
each target change pattern with the 
synergies recruited in the corresponding 
radial and tangential movements according 
to their similarity in recruitment timing and 
amplitude. We found that the synergy 
instances in target change movements were 
recruited similarly to the synergies in point-
to-point movements but, in many cases, with 
lower amplitude coefficients, especially for 
instances matching tangential synergies. 
Fig. 10 illustrates, for subject 1, the 
combined directional modulation of 
amplitude and timing coefficients of the 
three synergies in radial movements (first 
row of Fig 10, reproducing Fig. 9d), of the 
instances of the same synergies in 
clockwise target change movements 
(second row: early; third row: late) matching 
the radial synergies, of the synergies in 
tangential clockwise movements (fourth 
row), and of the synergy instances in 
clockwise target change movements (fifth 
row: early; sixth row: late) matching the 
tangential synergies.  All three synergies 
appear to be recruited with similar 
directional tuning of amplitude and timing 
coefficients in point-to-point and 
corresponding target change movements. 
However the amplitude coefficients of the 
target change synergy instances appear to 
be reduced with respect to the point to point 
movements, especially for tangential 
synergies. We then quantified the changes 
in the amplitude coefficients across 

 

 
Figure 10: Directional modulation of synergy 
recruitment in point-to-point and target change 
movements. The combined directional tuning of 
synergy amplitude and timing recruitment 
coefficients (same format as  Fig. 7d) of point-to-
point synergies during radial (first row) and CW 
tangential (fourth row) movements and of synergy 
instances recruited during target change 
movements matched (see Methods) to radial and 
tangential synergies is shown for subject 1. Point-
to-point synergies and target change instances 
matched to radial synergies are aligned to the time 
of peak tangential velocity (red vertical lines); target 
change instances matched to tangential synergies 
are aligned to the time of the peak of the tangential 
velocity  of the corrective movement (magenta 
vertical lines). 
 



22 
 

movement types in all subjects by averaging them over different movement directions. 
Movement type (point-to-point, target change early, target change late) did not have a 
significant effect (one-way ANOVA, p > 0.05) on the synergy amplitude coefficients for 
radial synergies and matched instances in all cases (3 synergies × 5 subjects) but 
significant effect (p < 0.01) on the synergy amplitude coefficients of tangential synergies 
and matched instances in 7 out of 15 cases (subjects 3 and 5: W2 and W3; subject 4: all 
three synergies; in addition, p = 0.028 for W1 of subject 3).  Thus the target change muscle 
patterns were reconstructed by the superposition of the same time-varying muscle 
synergies recruited in the corresponding radial and tangential movements but the synergies 
were recruited in three out of five subjects with smaller amplitude coefficients in the 
tangential (corrective) component of the target change movements.   
 
Finally, we compared the error of the reconstruction of target change muscle patterns by 
point-to-point synergies with the error of the reconstruction by superposition of the 
corresponding radial and delayed tangential patterns. The R2 values were much lower for 
the reconstruction by point-to-point pattern superposition, with a decrease ranging from 
0.10 (subject 4 late) to 0.40 (subject 2 early). In contrast, the R2 values for the 
reconstruction of radial and tangential patterns by the synergies extracted from those 
patterns were higher than those for the reconstruction of the target change patterns by the 
same synergies by amounts ranging only from 0.04  (subject 4 early) to 0.12 (subject 2 
late). Thus, the muscle patterns underlying the corrective movements necessary to reach a 
target whose location changes after the movement instruction signals were better described 
by the modulation and sequencing of the same set of time-varying muscles synergies 
involved in point-to-point synergies than by the superposition of the entire point-to-point 
muscle patterns. 
 
Our results indicate that the muscle activity patterns underlying on-line adjustments to the 
motor commands required to reach a target whose location changes after movement 
instruction are largely generated by the same mechanisms responsible for the muscle 
patterns involved in reaching to a fixed target. We were able to capture most of the variation 
in the muscle patterns, recorded from up to 16 shoulder and elbow muscles during fast 
reaching movements from a central location towards initially one of eight different targets 
arranged on a circle in the frontal plane and to one of the two adjacent targets, with either 
an early or a late corrective movement, by the superposition of multiple instances of three 
time-varying muscle synergies extracted from the muscle patterns recorded during point-to-
point radial and tangential movements between the same targets. Moreover, while at the 
kinematic level there is evidence for superposition of the endpoint trajectory from the start 
location to the initial target with the trajectory, appropriately delayed, from the initial to the 
final target (Flash and Henis 1991), at the muscle level we found that the muscle patterns 
underlying target change movements were not accurately captured by the delayed 
superposition of the corresponding point-to-point patterns, even after amplitude modulation. 
To fit the target change patterns, it was necessary to modulate in amplitude and timing the 
recruitment of the point-to-point time-varying muscle synergies employed in the 
corresponding radial and tangential point-to-point movements. These results provide further 
support to the hypothesis that the CNS relies on a modular architecture to overcome the 
complexity of multi-joint limb dynamics. Moreover, our notion of time-varying muscle 
synergies provides a natural and parsimonious mechanism for muscle pattern generation 
underlying intermittent control. 
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Inter-individual variability in catching kinematics 
 
Interceptive actions require accurate spatio-temporal visuo-motor control of the effector. In 
fact, the problem of catching a flying ball is often epitomized as “getting the hand to the right 
place at the right time”. But what is “the right place at the right time"? In line of principle, the 
trajectory of a moving target could be intercepted by the moving hand at an infinite number 
of different spatial positions along the target trajectory within a given temporal window. 
Moreover, each spatial position could be reached by means of infinitely many different hand 
trajectories, joint motions, and muscle activation patterns. 
 
How the CNS copes with such redundancy is a central question in motor control, not only in 
the study of interception. One possibility is to reduce redundancy by constraining the 
available degrees of freedom.  For example, when pointing to static targets, end point 
motions exhibit speed-independent trajectories and bell-shaped speed profiles, and 
systematic relations exist between shoulder and elbow joint motions (Atkeson and 
Hollerbach 1985; Flash and Hogan 1985; Lacquaniti et al. 1986; Morasso 1981). Another 
possibility is to select the solution, out of the many available for a given task, which 
minimizes a specific cost function. For example, when pointing to a long bar (Berret et al. 
2011) or hitting a moving target with different velocities (Brenner and Smeets 2005) end 
point trajectories are well predicted by minimizing energy, smoothness, and accuracy costs. 
In this context, flexible and equivalent motor behaviors may be obtained by controlling only 
those combinations of degrees of freedom which are relevant for successful performance 
(Todorov 2004), thus leaving most variability due to noise in task-irrelevant combinations 
(Scholz and Schoner 1999).   
 
When catching a flying ball or, more generally, when intercepting a moving object along its 
trajectory, redundancy in the spatial position and in the timing of interception may be 
reduced or exploited, depending on the specific task constraints and control strategy. For 
instance, the place and time of interception could be predicted before initiating the catching 
movement (Lee et al. 1983; Tresilian 2005), or the hand could move toward the target 
trajectory continuously guided by visual information (Dessing et al. 2002; Lee et al. 1983). 
Adjustments of the spatio-temporal characteristics of the effector trajectory may be the 
result of a tradeoff between spatial accuracy, decreasing with effector speed, and temporal 
accuracy, increasing with effector speed (Brenner and Smeets 2005; Tresilian et al. 2009) 
as well as a tradeoff between variability due to sensory noise and variability due to motor 
noise (Faisal and Wolpert 2009; Mazyn et al. 2007).  
 
Variability in redundant tasks might arise not only from adjustments to specific constraints 
and because of noise, but also from differences in the control strategies employed by 
different individuals. However, to our knowledge, systematic investigations of individual 
factors in interceptive actions are still limited. Inter-individual variability in interceptive tasks 
has been characterized in sport science, often in relation to the level of expertise (Yarrow et 
al. 2009), but it has been mostly overlooked in neuroscience studies.  
 
Here we investigated inter-individual variability in an unconstrained catching task. To this 
aim upper limb kinematics was examined in subjects performing a one-handed catching 
task in which flying balls were projected with different spatial and temporal characteristics. 
Only subjects showing comparable success rates in interception were included in the main 
report. Both commonalities and differences across subjects were characterized. One of the 
problems when dealing with such a challenging experimental set-up is the systematic and 
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controlled reproduction of the desired experimental conditions in the presence of air drag. 
To this end, we designed a launching system which was calibrated to project flying balls in 
space with different initial spatial and temporal characteristics. We previously showed that 
this system controls the desired ball flight time and arrival height with an accuracy and 
precision better than 96%  (d'Avella et al. 2011a). 
  
Six right handed subjects (5 males and 1 female, labeled S1 to S6), between 22 and 42 
year old (30 ± 6, mean ± st. dev.) were selected from a group of 14 subjects who performed 
a one-handed catching experiment in one or two experimental sessions carried out at about 
one year distance. We included only participants with good performance, that is, those who 
showed a standard score level as assessed in terms of a consistent number of caught trials 
over the total of launches. Moreover, we analyzed only caught trials which further respected 
a ball arrival height criterion.  
 
Participants, after giving their written informed consent, were asked to stand in front of a 
large screen (4 x 3 m, width x height), placed at a distance of 6 m from their shoulder, with 
their arms beside their body, and to be prepared to catch a ball launched through a hole in 
the screen (Figure 11A). Lightweight balls were projected from a fixed location with several 
initial velocities to obtain different flight conditions specified in terms of flight time (T) and 
height of the ball (Z) at arrival to the vertical plane at 6 m from the screen. The spatial 
position of markers placed on the subject’s head, trunk, arm and the spatial position of ball 
throughout its entire flight were tracked at 100 Hz using a motion capture system (9-camera 
Vicon-612 system, Vicon, Oxford, UK).  
 

 
Figure 11: Experimental apparatus and trial selection. (A) Subjects were standing at a distance of 6 m in front 
of a screen with a hole through which balls were projected by a launching apparatus positioned behind the 
screen. (B) Ball arrival position distribution on the frontal plane for the all subjects and trial selection according 
to a normalized arrival height criterion. Scatter plots of the y-z coordinates (frontal plane) normalized with 
respect to shoulder height and arm length of all caught balls at the x coordinate of the shoulder at launch time. 
Trials selected for the analysis are only those inside the interval ranges  marked by the gray dotted lines. 
 
Six ball flight conditions obtained by the combination of three mean arrival durations (T1 = 
0.55 s, T2 = 0.65 s, T3 = 0.75s) and two mean arrival heights at d = 6m distance from the 
launcher, Z1 (low arrival ball height) and Z2 (high arrival ball height), were tested. In the 
case of Experiment A, Z1 was 1.3 m and Z2 was 1.9 m, while in the case of Experiment B, 
Z1 and Z2 were adjusted according to the shoulder height of the subject (Hsh): Z1 = Hsh − 
0.3 m, Z2 = Hsh + 0.3 m. For each condition subjects performed at least 1 block of at least 
10 trials each (6 blocks total).  
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Subject’s performance in the task was assessed by classifying each trial into one of three 
categories. A ball (and the corresponding trial) was classified as caught if the ball was 
captured by the hand, touched if the hand contacted but did not capture the ball, and 
missed if no contact occurred between the hand and the ball. In order to compare catching 
kinematics across subjects and experimental sessions in similar conditions only caught 
trials which also satisfied an arrival height criterion were included in the analysis.  
 
Submovement decomposition was carried out to investigate the possibility of a similar 
structure underlying the kinematics observed in different subjects. In particular we tested 
whether the observed tangential velocity profiles could be reconstructed by the same 
number of subcomponents differently shifted in time and scaled in amplitude and duration. 
For each trial, the wrist speed profile was decomposed into the smallest number of 
submovements that permitted to reconstruct the original profile with a  R2 value larger than 
99%. We assumed that each submovement had a minimum jerk speed profile (Flash and 
Hogan 1985), with variable amplitude, duration, and onset.  
 
Performance was not significantly different across the six subjects (one-way between 
subjects ANOVA, p>0.05). Ball flight time and arrival height affected the number of caught 
and touched balls (2-way ANOVA, main effect of T: pcaught = 0.001, ptouched = 0.01; main 
effect of Z:  pcaught = 0.003, ptouched = 0.01) but not the number of missed balls (T: pmissed = 
0.38 ; Z: pmissed = 0.53). Moreover, the number of caught balls increased and the number of 
touched balls decreased as T increased and Z decreased.  
 
Practice did not affect performance during our experiments. Logistic regression analysis 
showed that there were no significant changes in subject performance due to trial number 
within each block (pS1 = 0.73, pS2 = 0.39, pS3 = 0.09, pS4 = 0.36, pS5 = 0.05, pS6=0.32). 
Finally hand kinematics parameters did not change neither with practice nor with 
performance as multiple regression coefficients were not significant in all subjects. 
 
Large differences in the kinematic features of interceptive movements were observed 
between subjects. Examples of wrist trajectories, tangential velocity profiles, and velocity 
components in the sagittal plane for all individual trials of each participant in the T2Z1 
condition are shown in Fig. 12. Each subject appeared to intercept the ball with a different 
strategy. S1 and S2 presented an hook-like wrist trajectories with an initial upward 
component characterized by the highest peak tangential velocity recorded across 
participants, followed by a second downward component. In particular, S1 first raised the 
wrist quickly up to shoulder height, positioning the hand in the “catching zone”, and then 
started accelerating downward, and impacted the ball close to the shoulder. S2 in contrast 
caught the ball far away from his shoulder after raising the wrist higher than the final 
interception point. S3 also presented an hook-like wrist path and accelerated the wrist 
downward immediately after impact but, differently from S1 and S2, caught the ball in 
correspondence of the highest point of the wrist path and the minimum of wrist speed. S4 
and S5 moved directly toward the target approaching the interception point from below and 
showed a low vertical impact velocity. S4 caught the ball close to shoulder, while S5 caught 
the ball further away from the body. In most cases, S4 and S5 had tangential velocity 
profiles with only one peak. Finally, S6 initially raised the wrist slower than the other 
subjects and then moved forward and slightly upward, and captured the ball further away 
from his body, often exactly at the time of the second wrist speed peak. The particular 
subject-specific kinematics observed in one condition were similar within all flight time 
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conditions with low ball arrival height. Furthermore, subject-specific kinematic features were 
retained over time as shown in Figure 12 for S2, S3, S5, and S6 by the red lines 
corresponding to the x-z wrist trajectories, tangential velocity profiles, and x-z velocity 
components recorded with the same T-Z flight arrival conditions during a second 
experimental session performed one year after the first session.  
 

 
Figure 12: Example of wrist kinematic differences across subjects. Wrist trajectory (first row), x-z  tangential 
velocity profiles (second row), and velocity components in the sagittal plane (third row) are shown for 
individual trials (black and gray lines) of each subject (columns 1-6) in the T2Z1 condition as well as averages 
across trials of each subject (column 7). Black lines are relative to the trials analyzed in the present study. 
Red lines are relative to trials in the same experimental condition recorded during a different session carried 
out at one year distance. All trajectories are plotted up to 100 ms after the impact event, and translated with 
respect to shoulder position at launch time (indicated by the black square). 
 
Individual kinematic features were quantified by the components of the wrist velocity in the 
sagittal plane at three different instants: the time of the first speed peak, the time of the first 
speed trough, if present, and the time of impact.  Inter-subject variability increased getting 
closer to impact time (IT), as highlighted by the progressively broader distribution of velocity 
components (Figure 13). However, subject-specific characteristics were present since the 
beginning. The analysis of the wrist velocity at IT showed that subjects caught the ball with 
very different horizontal and vertical components (third column of Figure 13). In low 
launches both S1 and S2 presented a large negative vz component due to the downward 
motion before the impact. Differently from S1, S2 moved toward the ball with also a higher 
vx component. S3, S4, and S5 impacted the ball with a low velocity both along the x and z 
axis. In particular, S5 showed a negative velocity in x direction, i.e. he moved slightly 
backward at impact, S3 instead stopped on the ball, and S4 tended to move toward the ball 
with a positive vx component. Finally, S6 showed clearly very high positive velocity 
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components along the anterior-posterior and vertical axes due to the final upward motion 
aimed at catching the ball from below.  
 

 
Figure 13: Inter-individual differences in wrist velocity at max peak speed, min speed and impact time.  Wrist 
velocity components  (mean ± SE; SE are reported only when number of trials per block was larger than 2) in 
the sagittal plane (x, anterior- posterior axis; z vertical axis) for each one of the three flight time conditions (T, 
indicated by different marker type) are illustrated separately for the two different arrival heights (high and low 
lines) conditions. Subjects color coding is reported in Figure 12. 
subjects 2 and 3. 
 
Different participants caught the balls at different times and positions along ball trajectories 
(Figure 14B). In addition each subject showed a different spatial distribution of impact 
points across ball arrival time and height conditions. In this respect,  given that the impact 
point along ball trajectory, i.e. the interception index (see the schematic plot in the right top 
panel of Figure 14A), for each ball flight time, is uniquely determined by the impact time, i.e. 
the (tC-tB) value, subjects might have chosen to intercept the balls with different flight times 
either at the same normalized distance from the frontal plane, that is, the same ΓBC/ΓAC 
value (vertical line labeled const distance in the panel), or at the same impact time but with 
different interception index values (const time), or at different distances and times for each 
ball flight time. Overall, subjects modulated movement timing in order to catch the ball with 
the same preferred impact point across all time arrival conditions.  
 
An analysis of the submovement composition of the catching movements was undertaken 
to gain additional insights on the subject-specific strategies. Previous studies have 
suggested that the control of discrete movement components could be guided by the 
information on target motion characteristics (Lee et al. 1997). By classifying each 
movement according the results of its submovement decomposition into 3 groups, we found 
that subject-specific wrist kinematics corresponds to specific movement structures 
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characterized by subcomponents that 
differed in number, onset, amplitude, 
overlapping intervals, and duration.  
  
In sum, we found large inter-individual 
variability in several kinematic features 
such as wrist trajectory, velocity profile, 
timing and spatial distribution of the impact 
point, and submovement decomposition 
structures. The observed idiosyncratic 
behavior did not change with practice in 
our experiments. Instead it was maintained 
across trials, different ball arrival time 
conditions, and experimental sessions 
carried out at one year distance. Hence, 
they were not the result of practice with 
our task, tentative motor control solutions 
eventually adjusted in order to find the 
best suited performance. Rather, they 
seemed to respect a subject-specific 
consolidated motor strategy. However, as 
shown in many previous studies, subjects 
similarly timed and modulated motion 
features as a function of target motion 
characteristics. Also in line with previous 
research, the analysis of submovements 
provided an additional evidence of what 
we observed "macroscopically". Subject-
specific end-point kinematic features 
corresponded to differences in the 
underlying movement structures described 
by three possible submovement 
compositions types that differed from each 
other in the number of components and 
their modulation (Figures 8-10). 
 
Variability has long been recognized as 
characteristic of human movements 
(Bernstein 1967). In terms of movement 
kinematics, when goal-equivalent solutions 
exist for a given task, e.g. different 
endpoint trajectories for the same reaching 
target or different joint angles for the same 
endpoint spatial position, variability has 
often been observed to be larger along 
task irrelevant degrees of freedom 
(Lacquaniti and Maioli 1994; Scholz et al. 
2000), suggesting that control is exerted to 
overcome intrinsic sensorimotor noise 
mainly when it affects task performance 

 
Figure 14: Interception point along the ball trajectory. 
(A) Left: schematic representation of the interception 
point index (computed as the ratio between the BC 
and AB ball trajectory arc lengths); right: for each 
arrival time condition subjects impact point along ball 
trajectory  was uniquely determined for a given impact 
time relative to arrival (tC-tB value); as T flight 
increased subjects could choose to opportunely 
modulate movement time and impact the ball at the 
same normalized distance (“const distance”) or they 
could catch the ball closer to their shoulder at the 
same time (“const time”). (B) Scatter plots of the 
interception index (I) vs. relative impact time (mean ± 
SE across trials in the same conditions). A value of I = 
0 indicates a catch at C while I = 1 indicates a catch 
in correspondence of the first possible interception 
point. Subject color coding as in Figures 12 and 13. 
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(Todorov and Jordan 2002). However, most previous motor control studies have focused on 
the variability observed across repetitions of the same movement or posture, i.e. on trial-to-
trial variability, rather than on variability in the performance of the same task across 
individuals. In the context of inter-individual variability, the existence of different goal-
equivalent solutions, such as the different interception points along the path of the ball 
observed in the present study, might also be the result of processes involved in stabilizing 
or improving task performance but, in contrast to trial-to-trial variability, overcoming noise in 
the acquisition of the appropriate parameters of the control policies rather than execution 
noise in sensorimotor control: thus, processes more related to skill acquisition than motor 
execution. However, the results of the present study did not provide evidence of an 
underlying slow learning process as participants showed a stable and repeatable behavior 
of kinematics parameters, even at one year distance. On the other hand, they did show a 
performance improvement after the very first trial of each block. Hence, the origin of the 
diversity across subjects observed in our experiment would have to be ascribed to 
processes occurring at some point in life, perhaps during the initial acquisition of catching or 
similar skills.  
 
In conclusion, different but goal-equivalent motor control solutions are implemented when 
task constraints are relaxed, as for catching a flying ball in three dimensional space. A 
single sensorimotor control strategy with subject-invariant parameters seems to be unable 
to fully explain the range of different kinematic features observed across the subjects of our 
experiments. Instead, behavioral information such as long term memory, retention of past 
acquired forward model of experienced tasks, intentions, and the ability in capturing salient 
environmental information sources, together with the internal coordination tendencies of 
individual motor system might have played a role in the manifestation of subject-specific 
motor behaviors. Visuomotor coordination control theories should be then reconsidered to 
take into account also individual factors. 
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Kinematic transformations: from end-effector to joint 
movements in arm movements and locomotion  
 
Dimension reduction analysis and coordination primitives in 3D arm movements 
 
In the Weizmann group, new advancements regarding the resolution of the inverse 
kinematics problem was made possible by exploiting a new approach. The progress was 
possible due to collaboration between the Weizmann group and the UniTu group. The 
Tubingen group has developed a new method for solving the anechoic blind source 
separation problem  (Omlor and Giese 2007). In short, it is a method for finding a reduced 
space for high dimensional data by means of independent sources (components). 
Differently from the independent component analysis method (ICA) for dimensionality 
reduction, the above model also allows for time delays of the components. This nonlinear 
model results in a more compact representation for a given space. That is, we model the 
data as follows 

 

where xi(t) denotes the observed angles trajectory, and sj are the source functions or 
mixture components. These functions are interpreted as invariants over different types of 
movements. The mixing weights αij and the delays τij are the model parameters which are 
movement specific and which are modified as part of movement planning and control. The 
weights aij determine the amplitude (gain) of the corresponding source and the delays τij 
between the components highlight the importance of timing for the coordination of joint 
movements. 
 
Our main finding is that 
when extracting the 
sources for the task-space 
and similarly for the joint-
space, there is a very high 
similarity between the 
sources of the two spaces 
when the joint-space is 
represented in an absolute 
(orientation) coordinate 
system which is extrinsic 
and fixed with respect to 
the movement. This is in 
contrast to a different 
representation that 
depends on relative joint 
angle coordinates. We 
tested this on various types 
of free arm movements. 
These movements include 
planar movements, such as 
ellipses, figure-eight up-down movements drawn in different orientations, and 3D 
movements, such as bent-ellipse (BE) and double-bent-ellipse (DBE), Figure 15 illustrates 
the drawn shapes. 

 
Figure 15: Recorded shapes: Ellipse, Figure eight, Bent ellipse, 
Double bent ellipse. 
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Figure 16 demonstrates the abovementioned result on the BE shape, and is repeated for 
other shapes as well. 
 

 
Figure 16: Comparisons between end-point and joint sources. The first row illustrates the extracted sources 
for the anatomical joint representation, absolute representation and task-space Euclidean representation on 
the left, middle and right, respectively. The bottom row shows the end-effector extracted sources overlaid on 
the anatomical representation sources on the left, and at the middle they are overlaid on the absolute joint-
space representation. 
 
This observation raises questions such as why would this phenomenon occur for one 
coordinate system and not another and what would be the functionality of such a 
representation. An answer for the first question does not yet exist, for the latter, we are able 
to prove that when two spaces share the same set of basis functions, one can go back and 
forth between the two spaces, and specifically such a scheme provides a mechanism to 
solve the inverse kinematics problem. Essentially, we can show that given two arbitrary 
spaces (possibly of different dimensionality) that share a similar set of basis functions, one 
can then go back and forth between the spaces using the basis functions as mediators. In 
other words, given a desired trajectory in task-space, and the assumption that both the 
task-space and the joint-space movements share the same set of sources, there is a 
mechanism to determine the joint-space trajectory. Formally, let the end-effector be 
expressed by  
 

 
(1)  

where  are the shared sources,  and  are the weights and time delays, respectively. 
The index  indicates the different dimensions of the 3D Euclidean task-space. Similarly, for 
the joint space we can write 
 

 
(2)  

Notice that the joint-space is 4D, hence,  and although we use the exact same 
sources here as above, the mixing weights  and the time delays    differ. 
 
Our main result stems from the observation illustrated in Figure 17, where the joint and task 
spaces share the same set of sources, and the formulation exhibited in Eq. (1) and (2). 
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After some non-trivial algebraic manipulations we can provide a solution for the inverse 
kinematics problem. The main idea is to be able to extract the sources from the desired 
end-effector trajectory, and express them as functions of the trajectory  
  (3)  
Then, using the assumption that both spaces share the same set of sources we can plug 
Eq. (3) into Eq. (2) and get 
 

 
(4)  

Thus, the joint-space  expressed as a function of the executed trajectory  in task-space. 
Equation (4) provides a framework for the solution of the inverse-kinematics problem, since 
the mixing weights  and the time delays need to be determined. There are two main 
approaches we can take in order to resolve these parameters, both require understanding 
on the relationships between the joint-space and task-space during the production of 
movements. 
 

 
 

Figure 17: Bent Ellipse - Phase-shifts. Each source is represented by one column ( through ). For each 
source all possible phase-shifts between the DOFs are displayed in the rows. Each point in the plots 
represents one movement cycle. The plots’ horizontal axis denotes the number of recorded cycles. The yellow 
and blue colors highlight behavior of interest, namely similar phase-shifts for all subjects. Yellow designates 
lateral related variables and blue highlights vertical related variables. 
 
The first approach is a direct one, in which we have considered the relationships between 
the time-delays, both within and across the spaces. This kind of inspection can actually tell 
us something about coordination. It seems that, time delays ( ) are not arbitrarily 
determined and expose correlations between the time delays, i.e. phase-shifts.  
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Consider the following system 
  

 
 
 

 
 

(5)  

 
We are interested in the phase-shifts between different degrees of freedom in a single 
source, i.e.,    (for example, green blocks in Eq. (5): ). These kinds of 
phase-shifts, if constant, can appear due to coordination between different degrees of 
freedom, that is, coordination at the joint level. Figure 17 demonstrates this analysis as 
conducted for the BE shape. The presented result is typical for the rest of the shapes as 
well. 
 
The results in Figure 17 are the outcome of applying the anechoic blind source separation 
procedure on the combined joint and task-spaces for all subjects, where the joint-space is 
represented in an absolute frame of reference. Results worth noticing are highlighted. 
Interestingly, all subjects demonstrate similar behavior when inspecting certain phase-
shifts. A constant phase-shift ( SD) between the azimuth angles of the upper-
arm and the forearm ( ) appears in the first source (s1). Similarly, the phase-shifts 
between the upper-arm’s azimuth angle and the lateral direction ( ) and the forearm’s 
azimuth angle and the lateral direction ( ), are constant for all subjects (these are 
highlighted with yellow in the figure). Moreover, the second source (s2) exhibits phase 
locking between the upper-arm and forearm elevation angles ( ) and between the 
elevation angle of the forearm and the upwards direction ( ) for all subjects (these are 
highlighted in blue). 
 
Two main observations should be made. First, similar phase-shifts for all subjects are 
maintained not only within task or joint spaces, e.g.,    but also across the spaces, e.g., 

. Second, one source (s1) maintains the phase-shifts among the azimuthal related 
variables, whereas another source (s2) does the same for the elevational related variables. 
It is as if the variables of movement are distributed between two channels of control, one for 
azimuth and one for elevation. The third source does not seem to play a role in the azimuth 
or elevation control, but it may reflect the variations between the cycles and subjects. This 
phenomenon repeats itself for the other shapes, however, in cases of planar shapes (PE, 
FE); the described phenomenon appears only in one source (channel) if the shape is drawn 
completely horizontally or vertically. This can be expected since there is only lateral or 
vertical movement to control. 
 
To conclude, in the study of the relationship between joint-space and task-space during the 
execution of drawing movements we were interested in two main questions. First, how does 
the central nervous system (CNS) handle the excessive degrees of freedom (DOF) in the 
joint-space and secondly, in what frame of reference the joint-space is represented in the 
brain. For the first question, we took the dimensionality reduction approach where we have 
shown that the 4D joint-space can be very accurately described by using only three 
functional sources. This work has immediately provided insights for our interest in the 
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second question since we discovered that when the joint-space is represented in an 
extrinsic frame of reference, both the task and joint spaces share the same set of sources. 
This is particularly interesting especially since we were able to show that in such a case we 
are able to provide a scheme for the solution of the inverse kinematics problem. It is 
appealing to view the set of sources as movement generators implemented by neural 
networks which can be utilized by the CNS to plan a trajectory in joint-space that satisfies a 
desired movement of the hand. 

 
 

Similarity in coordination strategies and kinematic mapping of upper and lower limb 
movements 
 
In the first year AMARSi report we presented results which suggest some evidence in favor 
of the absolute representation of limb configuration within the motor system. These results 
further support previous psychophysical studies (Soechting and Ross 1984) which shows 
that arm posture was most accurately reproduced when using a similar representation to 
the aforementioned representation. A similar representation was also demonstrated in gait 
motion studies and plays a central role in the well-known law of inter-segmental 
coordination. When we analyze human gait data represented by the elevation angles of the 
leg (the angles in the absolute frame) we see that the 3-dimensional data in practice lies 
almost perfectly on a 2-dimensional plane. This suggests linear dimension reduction in this 
specific coordinate frame. It also provides an explanation to how the CNS solves the 
inverse kinematics function given the extra degrees of freedom.  
 
In the last year, we tried to look for a similar phenomenon in arm motion. We recorded 
subjects performing various 3D drawing movements (the same dataset we used in the first 
year AMARSi report) and extracted the principal components for the trajectories in the 4-
dimensional configurations space (the simplified arm model). We compared between the 
two spatial representations by means of absolute angles and relative angles. In Table 2 we 
show the amount of variance in the direction of the fourth principal component (averaged 
over all subjects).  
 
Table 2. Variability explained by the smallest eigenvector for different movements and representations. 
 
Shape Absolute Angles Relative Angles 

Bent Ellipse 1.3% 1.9% 

Double Bent Ellipse 1.5% 2,2% 

Figure Eight 0.8% 1.5% 

Planar Ellipse 0.5% 0.7% 

Up Down 0.3% 0.2% 

Scribble 4.3% 6.2% 

Total 0.9% 1.3% 
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We see that in most cases the data lies almost completely on a three dimensional flat 
surface (similarly to the inter-segmental coordination plane). Moreover we see that in the 
absolute angles representation the data are more planar than in the relative angles 
representation. This gives further support to the hypothesis that this specific frame is more 
convenient for motor control. 
 
Another important phenomenon was shown for human gait (Ivanenko et al. 2007) which 
states that the directions of the principal components, which define the plane of inter-
segmental coordination, have high correlation with the location of the foot represented in 
spherical coordinates: limb length and orientation. Figure 18 which demonstrates this result 
is taken from the paper by Ivanenko et al. (2007). 
 

 
Figure 18: Correlation between the principal components and the limb length and orientation for different 
gaits, reproduced from (Ivanenko et al. 2007). 
 
Again we tried to look for a similar phenomenon in arm motion. We compared the principal 
components from the data of the arm posture in both the absolute angles frame and the 
relative angles frame to the spherical coordinates of the wrist location with respect to the 
shoulder and the swivel angle of the arm . Notice that a representation of the end-effector 
location together with the swivel angle defines a representation of the arm posture in the 
configurations space, since changes in the swivel angle do not change the location of the 
end-effector in the task space. In Fig. 19 we present one example of the normalized data 
during figure eight drawing of one subject. From the figure it is clear that there is a high 
correlation between the first two principle components and the limb length and elevation 
angle (similarly to the leg). We also see that this phenomenon exists in both the absolute 
angles representation and the relative angles representation. This suggests that with these 
representations the transformation between the task space and the configurations space 
might be very simple. It further suggests that there might be a very simple solution to the 
redundancy problem. We also see some small correlation between the third and fourth 
principal components and the limb yaw and the swivel angle, but the phenomenon is less 
clear. In general, the phenomenon we see from the data is that the first two principal 
components always have high correlation with two of the variables in the spherical frame 
but the order varies from shape to shape.  We also see that in the planar shapes (planar 
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ellipse, figure eight) the last two principal components are relatively small and have low 
correlation with the spherical variables. In Figure 20 we show the non-normalized principal 
components for one trial of a figure eight drawing.  
 

 
Figure 19: Correlations between the principal components of the trajectory in the configuration space and the 
spherical representation of the end-effector, for figure eight drawing, for both the absolute and anatomical 
representations. 
 

 
Figure 20: The non-normalized principal components and spherical representation of the same motion as in 
figure 19. 
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The last phenomenon which we see in both upper and lower limbs is that the trajectories in 
the configurations space and in the task space are very similar. In more details, when we 
project the trajectories in the four dimensional configurations space of different movements 
onto the three dimensional subspace spanned by the first three principle components, we 
see that the trajectories are almost identical. In Figures 21 and 22 we show two examples 
of figure eight  figure shows a figure eight drawing in 3D (Figure 21), and a single gait cycle 
(Figure 22). The top  panels in both figures show the projected trajectories in configuration 
space (for the gait cycle we projected the joint trajectories into  the subspace spanned by 
the elevation angles) and the bottom figures are the actual motions in the task space.  

 

 

Figure 22: The trajectories of a simple gait in 
the task space (bottom panel) and the 
teardrop shape created in the elevation angles 
space (upper panel). 
 

Figure 21: The trajectories of the figure eight 
drawings in both the task space (bottom panel) 
and configuration space in the direction of the 
first three principle components (upper panel). 



38 
 

 
This fact also implies that the inverse transformation between the task space and 
configuration space can be very simple (the identity transformation) if we choose an 
appropriate coordinate frame for the configuration space. Currently we are working on 
methods to choose a coordinate frame from the data such that the inverse kinematic 
function will be just a trivial lifting of the task space. 
 
To further understand the preferred representation of the end-effector location in the task 
space and the arm posture in the configuration space, we plan to continue and investigate 
in these directions, hopefully to find more global principles in the CNS which applies for all 
limbs.  
 
Repeatability of human motion 
 
In the last year the Weizmanm group managed to further analyze the notion of repeatability 
and formulate it in such a way which allows us to test it on human motion. The definition of 
repeatable movement strategy is the following: consider a redundant kinematic chain where 
the state of the chain is described by a point in some configuration space, and the chain 
manipulates some end-effector in the task space. We are also given a forward kinematic 
function F which maps the configuration space into the task space. In the kinematic level, 
this means that we are given some Jacobian matrix J which maps velocities in the 
configuration space to velocities in the task space. The problem of the inverse kinematics is 
to find a matrix K such that JK=I. Clearly there is infinite number of such matrices. We say 
that a control strategy K is repeatable if every closed curve in the task space is mapped to a 
closed curve in the configuration space. It was shown (Shamir and Yomdin 1988) that K is 
repeatable if and only if for any two columns ki,kj in K, the lie bracket [ki,kj] is in the range of 
K.  
 
We reformulated this result in a more convenient way for motor control. Assume X is some 
coordinate frame for the task space, and  is some coordinate frame for the fiber of the 
forward kinematics (F^{-1}(x)={q|F(q)=x}). For the simplified arm model, we can choose ψ to 
be the swivel angle. With this formulation, the pair (X, ) is a coordinate frame for the 
configurations space. With this representation, we can show that a control strategy is 
repeatable if and only if d  is an exact 1-form on the task space. In particular it means that 
the integral of d /dt is path independent. Further notice that another implication of this 
formulation is that repeatability is equivalent to some dimension reduction of the 
configurations space onto some foliation where each leaf is isomorphic to the task space, 
and the choice of a specific leaf correspond to the initial posture we have when we start the 
motion. 
 
Notice that the notion of repeatability for human motion can explain many of the results 
reported in previous studies. In principle it is not clear how we can test if motion is 
repeatable since the system is very noisy and we cannot conclude with high certainty if the 
CNS is indeed using such a strategy.  However, the observations above can be used to 
design a simple experiment to test for this sort of behavior. For example, we plan to test for 
the path independence property which is mathematically equivalent to repeatability. The 
advantage of this approach is that now we can look at the statistical properties of the 
motion in a single point in space (the end of the path) and not on the variance at every point 
along the path. This experiment is in it design phase and will be conducted in the near 
future. 



39 
 

Algorithms for identification of motor primitives 
 
Systematic comparison of unsupervised learning algorithms 
 
A broad spectrum of unsupervised learning algorithms for the extraction of motor primitives 
has been applied to both kinematic and EMG data sets (Chiovetto et al. 2011). The UniTu 
team, in collaboration with SLF, compared the performance of an algorithm based on time-
frequency transformations (Wigner-Ville spectrum) that they have developed (Omlor and 
Giese 2011, 2007) with the performance of other unsupervised learning algorithms. In the 
following we will refer to this method as anechoic demixing algorithm.  Opposed to this 
method many standard approaches that are common in motor control (NMF, ICA, Factor 
Analysis) are based on instantaneous mixture models. The only exception are the time-
varying synergies (d'Avella et al. 2006; d'Avella et al. 2003). The algorithms for the 
identification of motor primitives discussed in the following are based on a factorization of 
the data matrix. The data is modeled as a linear superposition of a typically small number of 
source functions, and the identification of primitives requires the identification of the source 
functions, the linear mixing weights and potential transformation of the source functions, 
such as time-shifts. All these algorithms impose specific constraints on the recovered 
sources (synergies),  such as non-negativity, statistical independence or orthogonality. 
Anechoic demixing just assumes independence of the components, and in addition allows 
for translation (time shifts) of the components. Several of the other common models can be 
derived as special cases from the anechoic mixture model by addition of appropriate 
constraints. This provides a basis for a comparison of different theoretically related models, 
and to  the identification of critical constraints that are necessary to make the model 
identifiable. A model is identifiable if its parameter and the structure of the model can be 
determined reliably from the available experimental data. Specifically, we compared the 
three common models with our method that have been frequently applied in order to model 
data on muscle activations: 
 

• Time invariant (TI) muscle synergies. In this case a set of NumM electromyographic 
(EMG) signals at the time instant  t  is approximated by the linear superposition:  

 
 

i

N

i
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where )(tm is a column vector of muscle activations, the )(tci  define the basic 

temporal components (scalar functions of time), the iw indicate real vectors of 
scaling weights, and where N  is the total number of primitives. The term ‘time-

invariant’ refers to the fact that the  temporal source functions )(tci  that determine 
the time evolution of the individual muscle signals remain fixed for each primitive. 

 
• Time-varying synergies (TV). Differently from the TI model, the TV one allows time 

delays for the muscle synergies, and the muscle signals at time t  can be written as it 
follows: 
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for which )(tm  and iw  have the same meaning as above, and where the iτ  specify 
time delays of the vector functions iw . Remark that this time the vectors iw are time-
dependent variables, whereas the weights ic  are constants. 

 
• Anechoic mixture model (Amix). For this model the original  signals m  of a given 

data set are expressed  as follows: 
 

∑
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where )(tmi  is again the muscle activation / EMG signal  (or a kinematic variable) at 
instant t .  
It is straightforward to see that each row of (1) can be re-expressed in the form of 
equation (3) by equating   0=ijτ ji,∀ , )()( tstc ji =  and by considering each 

coefficient ija  as the thi − element of the th−j  vector jw . Similarly, each row of (2) 
can be re-expressed as a specific case of equation (3) by the identifications:  ijj ws =  

for ni ,...2,1= , iij ca = ,  i∀ and iij ττ = , i∀ , assuming an appropriate renumbering of 
the new vector components.  The same data set )(tm  typically requires more source 
signals js  for the same level of approximation quality if (3) is used to approximate (1) 
or (2) than when the anechoic model is directly fitted to the data, dropping the 
additional constraints required for the mapping.  

 
For the comparison, we simulated four different ‘artificial’ EMG data sets. Three were based 
on the models (1), (2) and (3), used as generative models. The mixed source signals were 
generated by stochastic processes whose statistical parameters were adjusted in order to 
reproduce statistical properties of typical real EMG data. In all data sets presented here the 
number of primitives was four and they were used to generate a number of simulated trials 
that  was in the range of typical EMG experiments. However, more extensive simulations 
are underway that vary the number of components and signals and simulated trials 
systematically. In addition, a data set was created that has the same marginal statistics, but 
which was not derived from a structured generative model. To match the properties of real 
EMG signals, all simulated data were constrained to be non-negative. 
 
All tested unsupervised learning methods were applied to the four simulated data sets. 
Specifically, we applied standard non-negative matrix factorization (based on the TI 
generative model), a modified version of NMF (see d’Avella et al. 2006) that is based on the 
generative model (2) and from now on referred to  as NMFTV, the anechoic demixing 
algorithm (An) developed by (Omlor and Giese 2011), which is based on model (3). 
Furthermore, we applied a version of the An algorithm that imposes a non-negativity 
constraint to the recovered sources and mixture weights (pAn).  Finally a version of the 
anechoic algorithm was applied that provides an efficient implementation of the constraints 
that are specified by the model (2), referred to as AnTV in the following. 
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Figure 23 shows the percentage of variance that is accounted for by the fitted model 
(%VAF) as a function of the number of primitives. For a sufficient number of extracted 
primitives all algorithms provide a perfect fit of the data. In general, independently of the 
generative model that was underlying the simulated data set, the anechoic algorithm 
provided the best approximations with small numbers of sources. The version on the 
algorithm with positivity constraints, pAn, outperforms the general version of the algorithm 
An, especially for small numbers (1-2) of primitives. This likely reflects a stabilization of the 
estimation by the additional prior information that is added by the positivity constraint, which 
seems to become particularly relevant for models with few source components. Both 
algorithms for the extraction of time-variant synergies, NMFTV and its anechoic version 
AnTV, performed satisfactorily only when the  generative model that was used to generate 
the simulated data matched the one of the synergy extraction algorithm. Interestingly, when 
the simulated data was generated without an underlying modular structure NMF, An and 

 
Figure 23.  Percentage of explained variance accounted for by different 
fitted models varying the number of extracted synergies. Each graph refers 
to one simulated data set. Curves show the percentage of variance accounted 
for by the model as a function of the number of source components. Colours 
indicate the different extraction algorithm. NMF = non-negative matrix 
factorization algorithm, An = anechoic algorithm, pAn = anechoic algorithm with 
positive constraints, AnTV = anechoic algorithm to identify TV primitives, 
NMFTV = modified NMF for TV identification. (d’Avella et al.2006). Shown data 
is based on means over 20 repeated simulations. Error bars are available, but 
not shown to avoid cluttering of the graphs. 
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pAn still could explain the original data with a very small number of primitives, while  the  
algorithms relying on the TV generative model provided very bad reconstruction 
performances in this case.  
 

 
Fig. 24 illustrates the reconstruction errors when the number of primitives during 
reconstruction matched the actual number of primitives used to generate the simulated data 
sets, i.e. four. Another important aspect is whether the algorithms are able to recover the 
actual parameters of the generative models that were used to generate the data sets. To 
this end, we quantified the similarities between actual and reconstructed synergies (source 
signals), the weighting coefficients and the time delays. For motor primitives, the dot 
products between actual and identified primitives were computed. For weights and delays 
standard R correlation coefficient were computed. The mean values of this similarity 
measure for the primitives are plotted in Fig. 25. All algorithms were able to recover the 
original primitives, with the exception of An. In absence of the positivity constraint this 
algorithm results in good approximation of the data with few sources, but incorrect 
estimates of the synergies. This reflects that in this case the source recovery problem is 
under-constrained, resulting in sources that also adopt negative values. Similar results were 
obtained for the comparisons characterized similarities between the original and the actual 
and identified weighting coefficients (see Fig. 26). Also in this case, the absence of the 
positivity constraints for on the parameters for of the An algorithm resulted in a bad 
identification of the original weighting coefficients. 
 
 
 

 
The algorithm comparison described above is scientifically interesting for multiple reasons. 
First of all, it shows the suitability of the anechoic demixing algorithm for the analysis of 

 
Figure 24.  Percentage of variance accounted for by different fitted models 
with four extracted synergies. Error bars indicate the standard deviation over 
20 repeated simulations. 
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physiological data, such as electromyographic signals since it shows that, for models that 
are appropriately constrained it is indeed possible to recover the structure and the 
parameters of the original models. Second, the analysis provides data on the mathematical 
relationship between different popular mathematical models, and how they can be derived 
from a common basic architecture. Third, the numerical simulations provide data on the 
identifiability and the uniqueness of the recovery of the model parameters for different types 
of data sets and different algorithms. We think that such data is highly relevant for 
experimentalists in motor control. The relevant simulations are presently substantially 
extended, varying the number and the parameters of the model, and also applying different 
methods for the testing of the appropriate model structure.  

. 
 
 

 
Figure 25.  Mean values (± SD) of similarity measures the correlation 
measure C between actual and reconstructed primitives.  
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Development of a new algorithm for the extraction of motor primitives 
 

Although the algorithms presented above successfully recovered the motor primitives from 
the data sets that they have been developed for, at the same time each of them has 
characteristic limitations which may lead to erroneous results with other data sets.  Some of 
the algorithms are computationally quite costly, limiting the size of the data sets they can be 
applied to and the number of sources that can be extracted within realistic computation 
times.  

We have developed a new computational very efficient algorithm that exploits the fact that 
the extracted sources from the biologically relevant data sets are always smooth in order to 
define an additional prior for the source functions, resulting in a much more efficient 
algorithm that is based on a basis function expansion. The core of the method is an EM-like 
optimization of the parameters of the general anechoic model (3). The sources are 
parameterized in terms of an appropriate basis function expansion, e.g. using a truncated 
Fourier series. Besides the sources also the mixing weights and delays are estimated. This 
method has the following advantages compared to other algorithms: 1) It provides a 
unifying model for the identification of both kinematic of EMG primitives, since by addition of 
additional constraints it can be easily transformed in many popular standard methods. This 
makes it a basis for the quantitative comparison between different methods. 2) By the 
additional smoothness prior, leading to an explicit parameterization of the source functions, 
the algorithms needs to estimate less parameters than many standard methods, and 
consequently is computationally more efficient and results in more robust estimates in 
presence of noise. Specifically, this also reduces the number of local minima and in this 
way accelerates convergence.  The benefit of using an algorithm with reduced number of 
parameters is illustrated in Fig. 27.  The old anechoic demixing algorithm by Omlor and 

 
Figure 26.  Mean values (± SD) of similarity between actual and 
reconstructed series of weighting coefficients. R indicates the standard 
Pearson’s correlation coefficient. 
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Giese (2006) and the new method were compared by applying them to artificially generated 
data sets based on the model (2). Four sources were used for data generation. It is evident 
from Fig. 27A that the previous algorithm is characterized by a progressive degeneration of 
the level of similarity between original and identified primitives for increasing numbers of 
extracted sources. Always the source similarity is higher for the new than for the old 
algorithm. The algorithms were also applied to the same artificial data sets with additional 
white noise. Even in this case the new algorithm was found to be more precise and almost 
unaffected by noise (see Fig. 27 B and C). The new algorithm was also applied to other 
artificial data sets, relaying this time on the TV model (2). Its performance were compared 
to those associated with the algorithm by d’Avella et al. (2006), consisting in a customized 
multivariate version of NMF with time delays. The results are shown in Fig. 28.  

 
 

 
 
 
 
 

 

Figure 27: A. For both algorithms the 
quality of the of source identification 
decreases as the number of sources 
in the generated data set increases. 
However, the new algorithms shows 
uniformly better quality of the 
estimation and reasonable 
performance up to four sources. The 
reduced number of parameters is 
thus beneficial for the quality of the 
identification of the sources. The 
presence of signal-dependent noise 
affects more the identification 
performance of the old algorithm 
(panel B, see for instance the level of 
reconstruction goodness for s4) than 
the one of the new one (panel C). 
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Motion segmentation 
 
Complex actions can be thought as the concatenation of subsequent movements. 
Temporally segmenting actions is interesting for a variety of reasons: firstly, having a model 
which reproduced human segmentations closely might reveal important insights in human 
action representation. Secondly, efficient temporal segmentations have numerous 
applications in the field of computer vision, computer graphics, and robotics. We developed 
a novel method for the segmentation of trajectories, based on joint angle data (Endres et al. 
2011a, b). It is based on an algorithm for Bayesian Binning (Endres and Oram 2010) that 
was originally developed for the maximally efficient estimation of spike densities from 
sparse neural data. The method was extended for continuous (non-spiking) data by 
introduction of piecewise smooth interpolation functions instead of constant values within 
individual bins. Exploiting classical results from the theory of differential invariants of 
movements (e.g. (Flash and Hogan 1985)), we investigated the optimality of segmentations 
using different classes of interpolation functions. In addition, we realized detailed 
psychophysical experiments to compare these automatically generated segmentations with 
psychophysical data from the segmentations generated by human observers. The 
validation of the method was accomplished using a data set showing multiple realization of 
a complex form from Taekwondo by several individuals that were highly successful in 
international competitions in Taekwondo forms, who had been captured at a training camp 
in Baden-Württemberg.  To obtain human segmentation points as a form of ground truth 
data, we generated videos by animating sub-sequences from the motion capture data. 
Human segmentation was then assessed by an interactive adjustment paradigm, where 
participants had to indicate segmentation points by selection of the relevant frames. We 
found that observation models with polynomial order of three for the interpolation of the joint 
angles within the individual bins match human segmentations very closely. A summary of 

Figure 28: Mean values (± SD) between original and identifies 
synergies extracted by means of NMFTV and by the new algorithm 
that we developed.  The artificial data sets from which synergies 
were extracted relied on the generative model (2). 
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the main results of this work is shown in Fig. 29 and 30. For further details we refer to the 
publications Enderes et al. (2011a,b). 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 
Figure 29:  Human Motion Segmentation. A) Illustration of Stimuli. Snapshots taken from the stimuli 
videos showing the custom-built volumetric grey puppet performing different taekwondo kicks and 
punches. B) Segmentation points over time as marked by 13 participants. Each black dot 
corresponds to one approved key press indicating the perception of an intersection between two 
taekwondo movements. Red lines show video boundaries between the 5 sub-sequences. C) 
Predictive segmentation density estimated from key presses. Estimation was carried out by 
Bayesian binning with a Bernoulli-Beta observation model (see section 2.3.2). Blue line represents 
the predictive segmentation using Bayesian binning, the shaded grey area indicates the probability 
+/- one std. Red lines as in B. 
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Figure 30: Comparison of human segmentation densities with those obtained by Bayesian binning. 
Shown is an interval with a few, relatively clear segmentation points and good agreement between 
human subjects. Note that the human segmentation density (panel A) peaks usually closely to a peak in 
the density obtained by Bayesian binning. The 1st order model (panel B) predicts more segmentation 
points than the higher-order models (panels C,D), and the higher-order models are in better agreement 
to the human segmentation, both in number and location of the segmentation points. 
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Coordination between walking and reaching in virtual reality  
 
In order to provide a highly controlled setup for the measurement of arm movements that 
are coordinated with walking movements, the UniTu group developed a novel virtual reality 
setup that combines online motion capture using a 10 camera VICON system and 
stereoscopic presentation using a setup with four Dolby 3D stereo projectors (Fig. 31). The 
motion capture and projection system are controlled by two separate workstations which 
are interconnected via a TCP/IP network.  This makes it possible to control the online 
generation of 3D stimuli by the actual motion capture data that is analysed in real time.  Fig. 
9 shows a photograph of this novel setup. The realization of the experimental paradigm 
described above required the development of novel software programs to correct the 
stereoscopic projection errors on the spherical screen. For this purpose, the whole 
peripersonal space of the subject is first calibrated by learning of a nonlinear function that 
compensates for nonlinear distortions that are introduced by the geometrical projection 
errors inaccuracies of the 3D projection system. In addition, the setup allows appearance of 
the visual stimulus in synchronization with the specific foot events (foot strike and lift-off), 
which are determined by detecting sign changes of the velocity of the lowpass-filtered foot 
trajectory.   
 
For the first complete experiment in this setup we asked participants to perform a stationary 
walking pattern on a treadmill. Synchronized with foot strike or lift-off of either the left or 
right foot, visual target stimuli were presented that appeared at ten different spatial 
locations in front of them. Participants were asked to reach these stimuli within a time 
interval (0.6 s) after a go signal. The go signal and the duration of the interval were 
indicated by colour changes of the target. By specifying different goal positions and timings 
of their appearance we aimed to specify different required coordinative couplings between 
the arm and the leg movements, at the same time motion capturing the body and arm 
movements.  If target was not reached within the specified time the trial was repeated. 
Kinematic data were then analysed off-line with customized software written in Matlab 
(Mathworks, MA). Form the marker positions the time course of the Euler angles between 
the different body links were computed. Fig. 32 shows some examples of angle trajectories 
describing time flexion and extension of right and left knees, hips and shoulder joints over 
two complete step cycles. The different traces in each graph refer to different trials. Each 
column refers to two specific foot events with which the ‘go’ signal was triggered (right foot 
lift-off in the column, right foot strike in the right column).  
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The time courses of six joint angles associated with five different trials that subject 
performed to reach one of the 10 target locations in space are shown in Fig. 32 A. Each 
column refers to trials in which the ‘go’ signal was triggered with the same foot event. All 
angle showed a stereotypical time course across trials. However some variability was also 
noticeable, and it is interesting to analyze the peak times of the different angles. The most 
prominent peaks arise for right shoulder as well as right and left knees (see Fig. 32 A).  We 
computed the standard deviations of the times at which the peaks occurred. These values 
are graphically illustrated in Fig. 32 B. Clearly the most variable peak is the one of the 
shoulder angle. The least variability is associated with the first knee bump that occurred 
within the two gait cycles taken into consideration, which always occurred before the motion 
of the shoulder. Higher variability was associated with the temporally subsequent peaks of 
the angles of the 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). Time intervals between the start of the ‘go’ signal and actual 
time of target contact were computed for all trials. Interestingly analysis of variance on 
these time intervals revealed that there was a significant dependence of them on the foot 
event that triggered the ‘go’ signal, even though the go signal appeared always with a fixed 
time delay after the triggering event. For each trial the time intervals between the time of 
reaching and the time of occurrence of following four foot events were computed. Average 
values are shown if Fig 32 C, for the trials in which the ‘go’ signal was triggered with 
kinematic events of the right foot.  Clearly the time of the reaching was found to be 
synchronized with the time of the second foot event following the ‘go’ signal. Taken 
together, the results reported above represents quite new and interesting findings regarding 
the interaction between reaching and walking. Although a modification of the walking 
pattern following the arm movement could be expected and explained as a reaction to 
counterbalance the mechanical disturbances originating from it, it was found that also the 
voluntary part of the motor task was modulated by the walking task. The interaction 
between walking and reaching is ‘bidirectional’. The reason of this kind of interaction 

Figure 31:  Experimental setup to 
collect kinematic data for the study of 
the coordination of reaching 
movements with 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 position of 
the participants. The four projectors 
(two for each half the spherical 
screen), allow the display in space of 
virtual objects (specifically spheres, 
represented in red in the schema 
above) in front of the subject, which is 
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 
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between the tasks are very likely 
biomechanical and have the aim, as 
shown in Fig. 32 C, to increase 
movements coordination.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
   
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 32:  A) Time course of the joint angles describing 
flexion and extension of knees, hips and shoulders over 
two gait cycles. 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. B) Standard deviation values of the 
time of occurrence of the peaks of the right shoulder and 
the four peaks of the knee angles. C) 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.  
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We also applied the new algorithm for the extraction of motor primitives described above to 
the data sets obtained by pooling together the angle trajectories of hips, knees and 
shoulders from all the trials of each single subject to reach a fixed target position. 
Surprisingly, we found that two basic waveforms already account for the largest part of the 
variance of the data. These sources are shown as time functions in Fig. 33 A. One is 
composed of a single bump, whereas the other one is more oscillatory and counts two 
distinct peaks. 
 

 

 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 33:  (A) Time course of te two temporal primitives 
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 primitives. 
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Comparing these waveforms with the ones in Fig. 32A, it is evident that primitive 1 seems 
more related to the right shoulder angle, while primitive 2 seems more related to the angles 
of hips and knees. This hypothesis is confirmed by an analysis of the average values of the 
corresponding mixing  weights. (See Fig. 33B.) The most active weight for the first 
primitives is the one of the right shoulder, while for the second source there is a progressive 
increase of the weights when moving from the one associated with the higher-body joints to 
the one of the lower body. The two extracted waveforms seem to be task-dependent, one 
related to the reaching discrete sub-task, the second one to the periodic sub-task, i.e. 
walking. However, this separation is not complete, since both primitives contribute to the 
trajectories of all the joints, even if with different dominant weights.  Fig. 34 provides a 
further proof of the relationship between the extracted primitives and the movement sub-
tasks. The figure illustrates the distribution of the delays of the source functions in the 
anechoic model relative to the delays 
for the trials in which the same target 
position was reached after a ‘go’ signal 
that was synchronized with the right foot 
events. (Similar results were obtained 
for the left foot events.) 
 
 
 Clearly the delays (and thus the main 
peak of primitive 1) are distributed about 
two well-defined values, in accordance 
with the results shown in Fig. 32A. 
 
In conclusion, our results provide 
evidence for an organization of complex 
movements based on the separation of 
distinct modules controlling periodic and 
non-periodic movements. Such results 
are consistent with previous investigations on the topic (Schaal et al. 2004). Differently from 
these studies, however, we are considering movements involving a much higher number of 
degrees-of-freedom, along with innovative and powerful analytical methods that deviate 
from the most standard ones which are mainly used in literature.  
 
 
 
  

 
Figure 34:  Distribution of the delays relative to the right 
shoulder joint. 
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Motor and cognitive primitives in complex action 
 

The primary objective of task 1.3 was to examine decomposition methods for identification 
of motor primitives, and to explore primitives across tasks and skill levels. In this section, 
the UniBi group presents a summary of technical achievements and results relating to the 
identification of MP in an augmented reality environment and results related to the 
formation and nature of cognitive primitives across early skill acquisition. 
 
Identification of motor primitives in a reaching and pointing task in an augmented 
reality environment 
 
Even the most simple of movements that we perform on a daily basis, such as reaching and 
pointing, require a high degree of motor planning. Several frameworks have been proposed 
in order to simplify the control problem for the motor system. One such framework suggests 
the combination of multiple degrees of freedom into motor primitives (MPs) to solve system 
redundancy. To this extent, the UniBi group asked whether these control strategies could 
be reproduced for pointing movements. In an augmented reality environment (ARE), 
participants were tested on a pointing task in a three-dimensional workspace (Fig. 35). 
Specifically, participants' joint kinematics were recorded using an optical motion capture 
system (Vicon Motion Systems, Oxford, UK) consisting of 12 MX-F20 CCD cameras with 
200 Hz temporal and 0.25mm of spatial resolution. Participants performed 4 blocks of 
pointing to 114 virtual cubes in an ARE. To test the validity of the ARE, the pointing task 
was replicated in the physical environment. No differences between the ARE and the 
physical environment were found, supporting the use of AREs for studies on motor 
planning. Next, the extent to which the multiple degrees of freedom inherent within the 
pointing task could be combined into motor primitives in order to solve the redundancy 
problem was examined. Utilizing a principle component analysis of joint kinematics, results 
demonstrated that three MPs capture 87.4 ± 3.1 % of the data variance of pointing 
movements, which indicates a close coupling of posture and end-effector position and 
supports the notion of MPs as a viable framework for solving the redundancy problem.  
 
 
 
 
  

Figure 35: Graphical representation of 
the augmented reality environment 
consisting of virtual markers. 
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Identification and development of cognitive primitives during motor learning 
 
Recent research has indicated distinct differences in mental representations between 
athletes of different skill levels. Such differences in the mental representation structures 
between novices, intermediates, and experts suggest the idea that the structure of mental 
representations changes as a function of skill level. However, research examining if and 
how such mental representation structures develop over time is lacking. As a consequence, 
in a first step, the UniBi group examined the effects of practice on the development of the 
cognitive representation of a complex movement during early skill acquisition.  
 
Based on the putting task captured during T.1.2, examination of the underlying cognitive 
movement representation led to the development of task-specific basic action concepts 
(BACs). These BACs represent the cognitive building blocks of action representation at a 
cognitive level (i.e., cognitive motor primitive). The identification of these task-specific BACs 
allowed for examination of the participants' cognitive representations over the course of 
motor learning. Utilizing an experimental approach, a group of novice golfers (n = 12) 
practiced a golf putting task over the course of 3 days. Outcome performance as well as 
mental representation structure of the putt were recorded before and after practice. 
Compared to a control group (n = 12), who did not practice the putting task, results clearly 
demonstrated that both outcome performance and mental representation structure 
improved over the course of practice. Findings revealed a significant increase in task 
performance, as well as an increase in the functional structure of the practice group's 
mental representation (Fig. 36). In contrast, no functional adaptations were evident in the 
control group's mental representation. Our findings suggest that on the way to expertise, 
functional adaptations of action-related knowledge in long-term memory plays an important 
role during the course of motor learning. 
 
 

 
 
  

 
Figure 36: Mental representations of complex actions. The image displays the development of the cognitive 
skill representation from a group of beginners learning a golf putting task. The dendrograms presented are 
taken from the first day of training, the last day of training, and a subsequent retention test. A clear 
emergence of cognitive structures in motor memory are apparent after extensive training. 
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Influence of instructional strategy on the development of cognitive primitives 
 
Based on our understanding concerning the architecture of human actions we addressed 
and manipulated as well an intentional level of motor planning. Therefore we investigated in 
how far the  type of instruction play a role in the motor performance and the development of 
one’s representational structure. Research has indicated differences in motor skill 
acquisition relating to instructional sets that emphasize different foci of attention (e.g., 
internal or external focus of attention). Specifically, research has indicated that attention 
directed to the external effects of the movement on the environment can facilitate motor 
learning and retention.  
 
The foundation for the benefits of an external focus is based on the coding of motor actions 
in long term memory. The work of (Schack and Mechsner 2006) suggests that sensory 
consequences of motor actions are coded in representational networks in the form of Basic 
Action Concepts (BACs). BACs represent the basic building blocks of action at the 
representational level, and contain the cognitive chunks of movement postures in 
realization of action goals. Furthermore, these BACs are bidirectionally linked with the 
perceptual/movement effects, and organized hierarchically in long term memory. To this 
extent, attention directed towards the sensory consequences of a motor action (i.e., 
external focus) is stated to cue the associated representational structure (BACs) via the 
bidirectional link between the sensory and motor codes. Thus, external focus aids in the 
activation and cuing of appropriate representational structures in the fulfillment of action 
goals. 
 
Focus of attention may also play an important role in the development of one’s 
representational structure. To this extent, research has indicated differences in motor skill 
acquisition relating to different foci (e.g., internal or external). Specifically, adopting an 
external focus has been shown to enhance learning compared to an internal focus. These 
differences may likely be contributed to differences in the integration of perceptual effects 
during the formation of BACs as a consequence of the external focus.  
 
However, it is currently unclear how different foci of attention affect the development of 
one’s representational structures. As a consequence, the UniBi group investigated the 
formation and development of BACs during the acquisition of a complex motor skill (i.e., 
golf putting tasked utilized in T.1.2) under different foci of attention. More specifically, 
novice participants trained over 3 days under specific instructions to focus either on basic 
putting techniques (swing of the arms; internal focus) or on the sensorial effects of their 
performance outcomes (velocity of the ball; external focus). Results indicated that 
participants instructed to adopt an external focus of attention significantly outperformed 
participants instructed to focus on the movement technique (i.e., decreased outcome 
variability and reduced outcome error). Additionally, significant differences in the 
development of the underlying cognitive representations emerged associated with the 
different instructional strategies (Fig. 37). Specifically, the external focus learning group 
displayed a greater functional adaptation in the cognitive representation structure compared 
to the internal focus learning group. That is to say that the external focus instructional set 
resulted in cognitive representations that were more closely related to the cognitive 
representations of expert golfers and the functional and biomechanical demands of the 
task. 
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Based on the above two studies, the UniBi group were successfully able to show that motor 
learning leads to long-term changes in the cognitive representation of movement. 
Additionally, the type of instructions given during skill learning was shown to impact the 
development and formation of the underlying cognitive representation structure. These 
results demonstrate that learning and type of instruction may be useful in guiding the 
development of cognitive primitives. 
 

 
 
 
 
  
Figure 37: Developmental trends in the cognitive skill representation of a group of beginners learning a golf 
putting task under either an internal focus (top) or external focus (bottom) learning strategy. The dendrograms 
presented are taken from the first day of training, the last day of training, and a subsequent retention test. 
Afunctional developmentof cognitive structures in long term memoryare apparent by the end of training, with 
the external learning group indicating  a more elaborate and motor out put relatedcognitive representation.  
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Conclusions 
 
This report presented the results of the investigations performed by the AMARSi research 
teams involved in WP1 on a wide range of human motor skills. EMG and kinematic data 
collected in adults and infants during locomotion, arm movements, and combinations of 
locomotion and arm movements were analyzed and motor primitives at the neuromuscular, 
kinematic, and cognitive levels were identified. These results represent a significant 
advancement in the understanding of the human motor control and cognitive architecture. 
Moreover, they provide novel biological inspiration for further developments of the AMARSi 
modular architectures and of the experimentation scenarios planned for the second half of 
the project which are closely related to many of the human motor task that have been 
investigated. 
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