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Abstract 

Human reaching movements require complex muscle activations to produce the 
forces necessary to move the limb in a controlled manner. How the complex kinetic 
properties of the limb and gravity contribute to the generation of the muscle activation 
pattern by the central nervous system (CNS) is a long-standing question in neuroscience. 
One common theory is that the CNS reduces the redundancies and complexities of the 
musculoskeletal system using motor primitives. These primitives are often obtained using 
decomposition methods based on shared variance across multiple signals. A critique of 
this technique is that the dependencies that exist due to the causal relationship between 
muscle activations and the resulting movement are difficult to disambiguate from neural 
primitives inherent in control signals. In the present study addressed this critique by 
examining the relationships between motor primitives extracted from muscle activity, 
muscle torques, and other motion signals. We hypothesized that the primitives obtained 
from muscle activity are more similar to kinetic primitives obtained from joint torques, 
than kinematic primitives obtained from joint angles and angular velocity signals. Eight 
healthy subjects pointed in virtual reality to visual targets arranged to create a standard 
center-out reaching task in three dimensions. Muscle activity and motion capture data 
were synchronously collected during the movements. Non-negative matrix factorization 
was then applied to muscle activity, muscle torques, and other motion signals (joint 
angles, angular velocities, gravitational torques, and other inertial torques) separately to 
reduce the dimensionality of data. Results show that the activation profiles of all NMF 
components were organized sequentially and correlated highly. The scaling of NMF 
components obtained from EMG and kinetic and kinematic signals correlated across 
multiple signal types. We found closer correspondence between NMF components 
obtained from EMG and gravitational torques, than those obtained from other torque 
signals or kinematic signals. Altogether, these results reject our hypothesis, suggesting 
that motor primitives do not consist of signals of a single modality. Our results also 
identify the kinetic signals for gravity compensation as the potential contributor to neural 
motor primitives that may be responsible for controlled transitions between arm postures 
during movement. 

1. Introduction 

The musculoskeletal anatomy of the body constitutes a complex dynamical 
system that is a challenge to control for the central nervous system (CNS). Some of the 
complexity is due to muscle redundancy that allows humans to perform complex tasks. 
Additional complexity is due to the forces associated with the inertia of the multi-joint 
limb, termed limb dynamics, which must also be accounted for by the CNS. Limb 
dynamics is commonly investigated through joint torques, or rotational forces, that arise 
during motion of the limb (Sainburg et al., 1995; 1999; Shabbott and Sainburg, 2008). 
This motion, commonly expressed as angular kinematics (position and velocity), can be 
used to derive joint torques for each independent direction of motion termed degree of 
freedom (DOF) using equations of motion. The goal is to derive the active torques that 
are generated because of muscle contractions in the presence of passive forces, such as 
those due to gravity or the interaction between connected segments (Dounskaia and 
Wang, 2014; Gentili et al., 2007; Le Seac'h and McIntyre, 2007; Papaxanthis et al., 
2005). The latter passive interaction torques comprise a sizable amount of the overall 
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torques experienced during arm movement (Hollerbach and Flash, 1982). The 
compensation for interaction torques appears to be an important factor for the neural 
control of goal-directed movement (Debicki and Gribble, 2005; Gribble and Ostry, 1999; 
Gritsenko et al., 2009; 2011; Pigeon et al., 2003). Other passive torques arise due to 
gravity; these gravitational torques depend on the orientation of limb segments in space 
(Bastian et al., 1996). The compensation for gravitational torques is also important for 
motor control, as evidenced by altered patterns of movement errors and muscle activity of 
people moving in micro-gravity environments (Fisk et al., 1993; Papaxanthis et al., 1998; 
2005; Pozzo et al., 1998). Altogether, the action of the CNS to control these passive 
torques can be observed at least partially through analysis of active muscle torques, 
which are the summed result of muscle contraction. Thus, muscle torques are a window 
into the interaction between the CNS and the musculoskeletal anatomy of the limb. 

A prevalent explanation of how the CNS resolves the complexity of limb motor 
control is based on the idea of motor primitives, i.e. groups of muscles sharing the same 
common source of neural activation (Mussa Ivaldi, 1999; Mussa Ivaldi and Bizzi, 2000). 
These are usually extracted using decomposition methods, such as principle component 
analysis (PCA), or non-negative matrix factorization (NMF) (Ting, 2007; Tresch et al., 
2006). These motor primitives have been shown to be most active for movements and in 
response to perturbations in specific directions, i.e. directionally tuned (d'Avella et al., 
2006; Torres-Oviedo and Ting, 2007). They can also be scaled in both time and 
amplitude to adjust for changing speeds and distances during movement (d'Avella et al., 
2008). It has also been suggested that motor primitives may be structured in such a way 
as to compensate for task-specific limb dynamics (Chvatal et al., 2011). Central to this 
concept is the idea that motor primitives can reduce the complexity of neural control 
signals by enabling the production of any movement from a smaller selection of control 
actions (Bizzi et al., 1991; Giszter et al., 1993) for a review see (d'Avella and Lacquaniti, 
2013). However, the method of obtaining motor primitives using decomposition analyses 
has recently come under increased scrutiny due to the indivisible interaction and mutual 
dependencies between the neural control of muscular activations and the biomechanics of 
the resulting movement (Santello et al., 2013; Tresch and Jarc, 2009). For example, 
multiple independent DOFs of hand joints are known to be mechanically coupled through 
tendons that span several joints of a finger and the wrist. This reduces the overall range of 
possible motions to a much smaller subset of kinematic primitives, which could 
contribute to the motor primitives identified in muscle activations using decomposition 
methods (Valero-Cuevas et al., 2015). Furthermore, primitives obtained from joint 
kinematics and muscle activations were found to be mutually dependent (Kutch and 
Valero-Cuevas, 2012; Tagliabue et al., 2015). The latter study also shows that kinematic 
constraints can create the appearance of muscle primitives in simulated data, in which no 
neural primitives are expected a-priori.  

In the current study, we further examine the transformation from muscle 
activation to movement to establish the role that motion kinematics and limb dynamics 
play in the generation of neural motor commands to muscles. The rationale for our 
approach is based on the examination of shared variance with NMF decomposition 
method across different types of motion-related signals. Among kinematic and kinetic 
signals, muscle activations are most closely related to kinetic signals such as active 
muscle torques described above. The muscle torques can in turn be split into two 
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components, 1) gravitational torques that only arise in the presence of gravity and 2) 
other inertial torques, including interaction torques, that are responsible for inter-joint 
coordination. Each of these components can be calculated for each joint DOF. However, 
across multiple joint DOFs, signals for each of these components are coupled through the 
kinematic chain of the limb. This coupling can be quantified using NMF to obtain kinetic 
primitives, which can then be compared to the primitives obtained from muscle 
activations. We hypothesize that primitives obtained from muscle activations are more 
similar to kinetic primitives obtained from torque components, than kinematic primitives 
obtained from joint angles and angular velocity signals. Support for this hypothesis 
would suggest that kinetic signals for gravity compensation and inter-joint coordination 
may comprise neural motor primitives. 

2. Material and Methods 

Eight healthy individuals (5 males, 3 females) with an average age of 24.8 ± 0.71 
years old were recruited to perform a reaching “center-out” task. This study was carried 
out in accordance with the recommendations the Institutional Review Board of West 
Virginia University with written informed consent from all subjects. All subjects gave 
written informed consent in accordance with the Declaration of Helsinki. The protocol 
was approved by the Institutional Review Board of West Virginia University (Protocol # 
1311129283). All subjects were right-hand dominant and reported no movement 
disorders and no major injuries to their right arm. Height, weight, and arm segment 
lengths were measured for each subject and used to adjust model parameters to create 
subject-specific dynamic models (see below). 

Movements were instrumented using a virtual reality software (Vizard by 
Wolrdviz) and head set (Oculus Rift), which displayed 14 targets arranged in two 
perpendicular planes: the horizontal transverse plane and the vertical coronal plane (Fig. 
1A). To reduce inter-subject variability in kinematic data, the target locations were 
adjusted for each subject based on the lengths of their arm segments, which ensured the 
same initial and final joint angles across all movement directions. The center target was 
placed so that initial arm posture was at 0-degree shoulder flexion, 90-degree elbow 
flexion, and a 0-degree wrist flexion. The distance from the center target to the peripheral 
targets was scaled to 30 percent of each subject’s total arm length (from anterior acromial 
point to the distal end of the index finger). Each movement began with the subject 
starting at the center target and then moving to another visible target cued by target color 
change. Subjects were instructed to keep their wrist pronated and straight and move as 
quickly and accurately as possible. Movements to each target location were repeated 15 
times and performed in a randomized order.  

 
Fig. 1 near here 
 
Arm and trunk movements were recorded with an active motion capture system 

(PhaseSpace, Impulse) at 480 frames per second. The light emitting diodes of the motion 
capture system were placed on anatomical landmarks according to best practice 
guidelines (Robertson et al., 2004). Electromyography (EMG) was recorded from twelve 
arm muscles at a rate of 2000 Hz (MA400-28 MotionLab Systems). Muscles recorded 
during the experiment included the pectoralis major (Pec), teres major (TrM), anterior 
deltoid (AD), posterior deltoid (PD), long and short heads of the biceps (BiL and BiS 
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respectively), lateral and long heads of the triceps (TrLa and TrLo respectively), 
brachioradialis (Br), flexor carpi ulnaris (FCU), flexor carpi radialis (FCR), and extensor 
carpi radialis (ECR). Motion capture and electromyography were synchronized using a 
custom circuit and triggering mechanism (Talkington et al., 2015). Motion capture and 
EMG data were imported into Matlab and processed as follows using custom scripts.   

EMG data were high pass filtered at 40 Hz, bandpass filtered between 59 and 61 
Hz to remove electrical background noise, rectified, and low pass filtered at 20 Hz. 
Motion capture data were low pass filtered at 10 Hz and interpolated with a cubic-spline. 
The maximum interpolated gap was 0.2 seconds. The onset and offset of movement was 
found based on the velocity of three hand LEDs changing by five percent of the 
maximum velocity for a given movement. Arm kinematics were obtained from motion 
capture by calculating Euler angles and angular velocity for five joint DOFs including 
shoulder (flexion/extension, abduction/adduction, pronation/supination), elbow 
(flexion/extension), and wrist (flexion/extension).  
 

2.1.Limb dynamics 

To calculate joint torques, an inverse dynamic model of the subject’s arm was 
constructed in Simulink (MathWorks). The model comprised 5 DOFs as described above 
and three segments approximating inertial properties of the arm, forearm, and hand. 
Inertia of the segments was approximated with a cylinder of the length equal to that of the 
corresponding segment and a 3-cm radius. The masses and centers of mass for each 
segment were determined by their anthropometric ratios to the subjects’ segment lengths 
and weight (Winter, 2009).  

Angular kinematics averaged per movement direction and per subject was used in 
the subject-specific inverse model to calculate joint torques (Fig. 1B). These computed 
torques are proportional to the sum of all moments generated by muscles spanning the 
joints, so these torques are referred to as muscle torques in the rest of the manuscript. The 
numerical quality of inverse dynamic simulations was checked by running the same 
model in forward dynamics mode using the calculated torques as inputs and simulated 
angular kinematics as outputs. The simulated and experimental joint kinematics was 
compared, and the mean ± standard deviation of the root-mean-squared differences 
between them was 0.05 ± 0.02 radians across all DOFs. 

 To test the main hypothesis, the muscle torques obtained using the inverse model 
were separated into two components. To estimate the component of muscle torques 
responsible for inter-joint coordination without gravity, the inverse model was run 
without simulating external gravitational force. This resulted in muscle torques that 
would produce the same motion without gravity as that recorded in presence of gravity. 
Example of such torques would be the sum of muscle moments produced during motion 
in microgravity environment. Then the component of muscle torque that is needed to 
compensate for gravity was estimated as the difference between muscle torques with and 
without gravity as follows: 

                                   
      (1) 

 

where τG is a vector of torques that only arise in the presence of gravity; τM is a 
vector of muscle torques around each DOF during simulations with gravity; τMG0 is a 
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vector of computed torques around each DOF during simulations without gravity. If we 
assume that the torques produced without gravity are equal to the   component of the 
motor command that is responsible for inter-joint coordination only, without gravity, then 
formula (1) can be rearranged as follows:  

 
��� � �� � ��� , or      
�� � ��� � ���     (2) 

 
 where τMN is the component of muscle torque responsible for inter-joint 

coordination, i.e. interaction torques and other inertial torques excluding gravity, and τMG 
is the component of muscle torque responsible for the compensation for all torques due to 
gravity. Below, the former is referred to as MN torque, while the latter is referred to MG 
torque for simplicity. 
 

2.2.Motor Primitive Decomposition 

Motor primitives were extracted for each subject from EMG, kinematic and 
dynamic data separately using NMF (Berniker et al., 2009; Torres-Oviedo et al., 2006). 
To extract EMG primitives (NMF1 in Fig. 1B), rectified EMG signals were normalized 
to movement duration, averaged per movement direction, and low pass filtered at 10 Hz. 
To ensure muscle activations were unitless, maximum contraction values were calculated 
for each muscle across all movement directions and used to divide mean EMG for each 
movement direction. The resulting data matrix was comprised of 336 columns (12 EMG 
signals for 14 movements toward each virtual target and 14 return movements). Using the 
NMF algorithm described in Tresch et al. (Tresch et al., 1999), EMG primitives were 
extracted for each subject. 

 
���� � ∑ 
�

�

���
 ��

���          (3) 
 
where m(t) is the EMG matrix of average activity of all muscles during all 

movements at time t ; N is the number of primitives; Ci is the array of weights for 
primitive i for each muscle and movement; and Wi(t) is the activation of primitive i at 
time t (Fig. 2). The number of EMG primitives was increased until the variance 
accounted for (VAF) in EMG reached 95%.  

 
Fig. 2 near here 
 
To extract muscle-torque primitives, a data matrix was constructed for each 

subject that included muscle torques for each DOF and each movement direction (NMF2 
in Fig. 1B). The signals were rectified then normalized to the largest value of the signal 
for each DOF across all movement directions. The resulting data matrix was comprised 
of 120 columns (5 muscle torque signals for the 28 movement directions). NMF was 
applied to this data with the same criteria described above. 

 
����� � ∑ �

�

���
 �����    (4) 

 
where τM(t) is the muscle torque matrix for all signals per DOF per movement 
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direction; N is the number of primitives; Ai is the weight matrix for primitive i for each 
DOF and movement; and Yi(t) is the activation profile of the corresponding primitive i.  

To extract mechanical primitives, a data matrix was constructed that included 
joint angles, angular velocity, MG torque and MN torque for each DOF (NMF3 in Fig. 
1B). The signals were averaged across the fifteen repetitions of each movement direction. 
The same rectification, and normalization procedures were applied to the signals as 
described above for muscle torques. This ensured the same scale and unit independence 
across all signals. The data matrix comprised 560 columns (20 kinematic and kinetic 
signals for the 28 movement directions). NMF was applied to this data with the same 
criteria described above. 

 
���� � ∑ ��

�

���
 �����     (5) 

 
where d(t) is the matrix of average profiles for all signals; N is the number of 

primitives; Bi is the weight matrix for primitive i for each signal; and Xi(t) is the 
activation profile of the corresponding primitive i.  

The rectification procedure changed the profiles of the muscle and inertial 
torques, which could affect the comparison between motor primitives based on these 
signals and EMG. Rectification of inertial torques poses less of a problem, because these 
signals contain two readily identifiable phases of acceleration and deceleration that match 
the actions of individual muscles. Rectification of these signals results in profiles with 
two burst-like shapes that correspond to the timing of the two phases. However, 
rectification of muscle torques results in more variable changes in their profiles that are 
not easily linked to specific movement phases. To address this concern, we tested the 
validity of NMF on the rectified torque signals to accurately capture the relationship 
between signals. For this we substituted equations (4) and (5) into equation (2). Given 
that our analysis, described below, found highly correlated NMF temporal profiles across 
signals (Fig. 4), the resulting equation can be reduced as follows: 

 
� �  ��� � ���     (6) 
 
where for primitive i, NMF weight A for each muscle torque signal is the sum of 

NMF weights B1 and B2 for MN and MG torques respectively for corresponding DOFs. 
The NMF weights calculated from rectified muscle torques differed from those calculated 
using equation (6) between 1 ± 4 % and 3 ± 6 % across subjects. The threshold for VAF 
was 95%, which puts the differences in weights between the two methods below this 
threshold. This shows that NMF on rectified muscle torque signals captures accurately 
the linear relationships between those and other signals. 

Resulting activations Wi(t), Xi(t), and, Yi(t) were normalized from zero to one for 
each subject. Normalization values were obtained by calculating the peak value from 
each subject’s activation. For comparisons across signal types and across subjects, 
activations Wi(t), Xi(t), and, Yi(t) were sorted per the relative timing of their maximal peak 
and assigned a letter in alphabetical order (Fig. 2A). 

To maintain the relative relationship between the weights and activations, NMF 
weights, Ci, Ai, and Bi were multiplied by the normalization value of the corresponding 
activation. This ensured that the variance for each movement direction was now captured 
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by the NMF weights, not activations. Thus, NMF weights were then used to compare 
directional tuning between EMG, muscle-torque, and mechanical primitives. Coefficient 
of determination (r2) was used as measures of similarity between the NMF weights 
obtained from different signals, NMF1, NMF2, and NMF3. Note that signals used for all 
NMF analyses were unitless. Correlation matrices were calculated between NMF weights 
Ci and Ai, and between NMF weights Ci and Bi across corresponding directions of 
movement for first and last primitive only. 

 

2.3.Statistical analysis 

The statistical analysis of r2 values was done using repeated measures analysis of 
variance (rANOVA) in MATLAB. Separate rANOVA tests were applied to r2 values 
calculated between EMG and muscle-torque primitives (rANOVA1: weights from NMF1 
vs. NMF2) and between EMG and mechanical primitives (rANOVA2: weights from 
NMF1 vs. NMF3). rANOVA1 included 2 factors, Joint and Primitive factor. The Joint 
factor grouped r2 values based on the joint the signals spanned, comprising 3 levels for 
shoulder, elbow, and wrist. The Primitive factor grouped r2 values based on the timing of 
the activation profile of each primitive, comprising 2 levels for the first primitive A and 
the last primitive C or E (Fig. 4). rANOVA2 included 3 factors, Joint and Primitive 
factors as in rANOVA1 and a Signal factor. The Signal factor grouped r2 values based on 
the types of signals used in NMF3, comprising 4 levels for joint angles, angular velocity, 
MG torque, and MN torque. Post-hoc multiple comparisons were used to further examine 
significant interactions.  

Cross-correlation analysis was used to compare activations Wi(t), Xi(t), and, Yi(t). 
The temporal shifts that produced the highest correlations between each pair of 
activations were converted into the time domain from the normalized number of samples 
by using the mean duration of movement per subject. Positive lag times indicate that the 
second signal follows the first in each pair. A negative lag time indicates that the second 
signal precedes the first. 

The relationships between peaks of activation for subsequent primitives obtained 
with NMF1, and between peaks of activation for corresponding primitives obtained with 
NMF1 vs. NMF2 and NMF3 were quantified using a linear regression. The same peaks 
of each activation used for the classification of the primitives (Fig. 2A) were used in this 
regression analysis. 

3. Results 

The angular kinematics of pointing to targets in virtual reality was highly 
consistent, as demonstrated by the low standard deviations of angular kinematics across 
the fifteen repetitions of each movement (Fig. 3A). The peak velocity of these 
movements ranged from 1.2 to 3.3 meters per second, which illustrates subjects’ 
preferred speeds in response to instructions to point as quickly and accurately as possible 
(Fig. 3B). The consistent kinematics are attributed to the very consistent muscle torques, 
whose temporal profiles varied little across subjects (Fig. 3C). However, muscle activity 
was highly consistent within subjects (Fig. 3F), but varied between subjects. 

 
Fig. 3 near here. 
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Muscle torques were divided into gravitational and other inertial torques (termed 
MG and MN torques) as described above. Gravitational torques were consistent within 
and across subjects and showed similar temporal profiles to joint angles (Fig. 3D). 
Inertial torques were also consistent within and across subjects. MN torques had 
activation profiles that were distinct from MG torque profiles (Fig. 3E) and similar to 
acceleration profiles derived from angular kinematics. In a given movement, MG torques 
tended to vary in a single direction increasing or decreasing in amplitude, while the MN 
torques usually comprised acceleration and deceleration phases characteristic of a bell-
shaped velocity profile. For multiple movements, torques of the same type were coupled 
across DOFs (Figs 3D and 3E). 

NMF1 on EMGs showed that between 2 and 5 EMG primitives were necessary to 
reach a VAF = 96.6 ± 0.9 %. The primitives were labeled A through E, corresponding to 
the order in which the peak of the activation profile occurred. The activation profile of 
primitive A peaked at 1.0 ± 2.1 % of the average movement duration, followed by 
primitive B at 16.7 ± 14.0 %, primitive C at 18.5 ± 19.8 %, primitive D at 28.6 ± 13.6 %, 
and primitive E at 89.0 ± 11.0 % (Fig. 4, red lines).  

 
Fig. 4 near here 
 
NMF2 on muscle torques showed that, unlike NMF1, only 3 muscle-torque 

primitives were required to reach a VAF = 96.4 ± 0.0 % across subjects. Primitives were 
labeled as A through C based on their temporal sequence as described above. Activation 
profiles of primitive A peaked at 2.1 ± 4.5 % of the average movement duration, followed 
by primitive B at 35.7 ± 15.7 %, and primitive C at 99.7 ± 1.0 % (Fig. 4, blue lines).  

NMF3 on mechanical signals showed that 3 mechanical primitives were required 
to reach a VAF = 96.8 ± 0.3% across subjects, same as the number derived by NMF2. 
Mechanical primitives were labeled as described above; the activation of primitive A 
peaked at 0.3 ± 0.0 % of the average movement duration, followed by primitive B at 42.2 
± 17.3 %, and primitive C at 98.5 ± 3.3 % (Fig. 4, black lines).  

The activation profiles obtained with NFM represent the amount of recruitment of 
a given primitive and may be more closely related to the temporal evolution of neural 
commands. The activation profiles were very similar not only across subjects, but also 
across signal types. The activation of sequential EMG primitives was highly correlated 
with peak correlation coefficients across subjects ranging from 0.84 ± 0.07 between the 
first and second EMG primitive to 0.56 ± 0.11 between the first and last EMG primitive. 
These peak correlations occurred at lag times that were increasing on average at 170 ms 
intervals (Fig. 5A). The activation profiles of EMG primitives peaked at times that were 
linearly increasing (r2 = 0.94; Fig. 5B). Furthermore, the activations of overlapping EMG 
and muscle-torque primitives were highly correlated with peak correlation coefficients 
across subjects ranging from 0.94 ± 0.03 between the first EMG and first muscle-torque  
primitive to 0.53 ± 0.05 between the first EMG and last muscle-torque primitive. These 
peak correlations occurred at incremental lag times (Fig. 5C). The activation profiles of 
EMG primitives peaked at times that were linearly related to the peaks in the 
corresponding activations of muscle-torque primitives (r2 = 0.97; Fig. 5D). Similar 
relationships were observed between the activations of EMG and mechanical primitives 
(Figs 5E and 5F; r2 = 0.96). This shows that the activation profiles of all primitives were 
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organized sequentially and correlated highly. 
 
Fig. 5 near here 
 

3.1.The overlap in directional tuning between different types of primitives 

 To determine if EMG primitives have the same directional tuning as muscle-
torque primitives, shared variance (r2) between weights from NMF1 and NMF2 across all 
movement directions was calculated for the first and last primitive for each subject. 
Separate comparison for each primitive ensured that   the temporal distribution of the 
primitives obtained from EMG and muscle-torques were matched (Fig. 4). The r2 values 
between NMF weights were small for most signal combinations, which indicates little 
overlap between directional tunings of EMG primitives and muscle-torque primitives 
(Fig. 6). There were some differences in r2 values of both primitives for signals 
originating from the different joints, but post-hoc comparisons revealed no consistent 
effects (Table 1). 
 

Fig. 6 and Table 2 near here 
 

To determine if EMG primitives have the same directional tuning as mechanical 
primitives, shared variance (r2) between weights from NMF1 and NMF3 across all 
movement directions was calculated for the first and last primitive for each subject. 
Separate comparison for each primitive ensured that   the temporal distribution of the 
primitives obtained from EMG and kinematic and kinetic signals are matched (Fig. 4). 
The r2 values between NMF weights were larger than in previous analysis for many 
signal combinations (Fig. 7). In the beginning of movement, the mean r2 for MG and MN 
torque signals was larger than the mean r2 for velocity and angle signals for 
corresponding DOFs in 9 (out of 12) muscles, while the opposite was true for 1 muscle 
(TrLa) and no change was observed in 2 muscles (BiS and TrLo; Fig. 7, Primitive A). At 
the end of movement, the mean r2 for MG and MN torque signals was larger than the 
mean r2 for velocity and angle signals for corresponding DOFs in only 5 muscles (FCU, 
BiL, BiS, TriLA, and AD), while the opposite was true in 5 other muscles (FCR, ECR, 
Br, TrLo, and Pec) and no change was observed in 2 muscles (TrM and PD; Fig. 7, 
Primitive C/E). Larger r2 values were observed between NMF weights from EMG signals 
and MG torques compared to those from EMG signals and MN torques and from EMG 
signals and joint velocity, but only for the last primitive (Fig. 7A, Table 2). 

 
Fig. 7 and Table 2 near here 
 
Some of the observed differences between the directional tuning of muscle-

torque, mechanical, and EMG primitives may be due to the different number of 
primitives obtained from noisier EMG signals. To address this issue, we have compared 
NMF weights from subjects with the number of EMG primitives matching the number of 
muscle-torque and mechanical primitives, to the NMF weights from the rest of the 
subjects with unmatched number of EMG primitives. The mean difference ± confidence 
interval between the NMF weights from 3 subjects with three EMG primitives and 5 
subjects with other numbers of EMG primitives (2, 4, and 5) was -0.005 ± 0.025, which 
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was not significant (p = 0.65). This shows that the difference between muscle-torque, 
mechanical, and EMG primitives is not due to the larger noise in EMG signals. 

4. Discussion  

The hypothesis of our study was that primitives obtained from muscle 
contractions are more similar to kinetic primitives obtained from joint torques, than 
kinematic primitives obtained from joint angles and angular velocity signals. We found 
that when controlling for temporal evolution of primitives, the spatial distribution of 
EMG and MG primitives overlapped more than that of EMG and joint velocity 
primitives. However, no other statistical differences between the spatial distributions of 
kinetic and kinematic signals were observed. These results led us to reject the main 
hypothesis. Instead, our results suggest that motor primitives do not consist of signals of a 
single modality, but rather combine both kinetic and kinematic signals. 

The transformation from muscle activation to motion is non-linear and includes 
second order differential dynamics. Here, we have defined motor primitives as functional 
components of joint torques that are related to either gravity or inter-joint coordination. 
Deriving primitives from dynamical signals like joint torques should result in a more 
linear relationship with neural control signals, if those primitives capture accurately the 
dynamics of neural signals. Indeed, we have found more shared variance between 
mechanical primitives and EMG primitives than between muscle-torque and EMG 
primitives. In particular, the primitive at the end of movement derived from the gravity 
torque component shared the most variance with the corresponding EMG primitive. In 
contrast, the primitive derived from joint velocity shared the least variance with the 
corresponding EMG primitive. This provides further supporting evidence for the 
dynamical, rather than kinematic, nature of neural motor commands (Caminiti et al., 
1990; 1991; Scott, 1997; Scott and Kalaska, 1997). Neural commands may comprise both 
phasic and tonic components, similar to those identified in EMG during 3D pointing 
movements (d'Avella et al., 2008; Flanders, 1991). The required scaling of a hypothetical 
tonic command for different movement directions could reflect the corresponding 
changes in gravitational load on the arm, i.e. as predicted by the MG torque components 
in our study. Thus, the hypothetical tonic command compensating for gravity may 
constitute an anticipatory postural adjustment that accompanies movement (Massion, 
1992). Alternatively, the hypothetical tonic command may be a spinal feedback response 
to changing gravitational load signaled by proprioceptors. Our results support the latter 
by indicating more robust differences in the shared variance at the end of movement (Fig. 
7 and Table 2). The mechanism responsible for a feedback compensation for gravity may 
be akin to positive force feedback during locomotion based on afferent feedback from 
Golgi tendon organs to maintain load bearing (Pearson and Collins, 1993; Prochazka et 
al., 1997). 

Deriving motor primitives with decomposition methods is confounded by the 
indivisible interactions between muscle activations and the resulting movement (Santello 
et al., 2013; Tresch and Jarc, 2009). In other words, it is difficult to determine whether 
correlations between muscle activations cause correlations between motion-related 
signals, or it is the other way around. We too have observed the high degree of shared 
variance within all motion-related signals as evidenced by only three primitives present in 
both the kinematic and dynamic signals, consistent with results reported previously for 
reaching movements (Chiovetto et al., 2013). However, we have also shown that NMF 
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weights, while being directionally tuned as reported previously (Chiovetto et al., 2010; 
2013; d'Avella et al., 2006; Torres-Oviedo and Ting, 2007), were tuned very differently 
when obtained from kinematic, or kinetic, or EMG signals (Fig. 3). We observed a rather 
small subset of pairs of signals with more than 10% shared variance, many of which did 
not come from the same joint (Fig. 7). This suggests that the method of examining the 
overlap in directional tuning while controlling for common temporal dynamics may offer 
a way to identify the modality of control signals and to disambiguate it from inherent 
relationships across multiple types of motion-related signals. 

The CNS is a hierarchal dynamical system with recurrent feedback loops 
(Prochazka and Yakovenko, 2007; Shenoy et al., 2013). The output of this system has 
been observed in electrophysiological studies in animals as sequential neural primitives 
that are recruited during a reaching motion and correspond to the different phases of 
movement (Yakovenko et al., 2011). Similarly, we have observed highly correlated 
activations of sequential EMG primitives (Fig. 4). These activations were shifted in time 
at physiological delays (Fig. 5), which are consistent with transcortical feedback loops 
(Lee et al., 1983). These results suggest that the timing of the activations of the NMF 
primitives may indicate the timing of feedback processing within the motor system. The 
predictable sequence of peaks in the activation of primitives may be a useful tool for 
diagnosing neural dysfunction (Olesh and Gritsenko, 2017). 

Our results are also consistent with the idea that there are no “true” muscle 
primitives. This argument is illustrated by a recent study, which found that muscles are 
recruited flexibly without a consistent pattern of groupings across movements (Kutch et 
al., 2008). In our results these flexible muscle groupings may appear as highly variable 
NMF weights, which vary in directional tuning between movement planes and forward 
and backward directions. Such flexible recruitment may be enabled by the dynamical 
nature of the nervous system, which could fully imbed the complex limb dynamics and 
its interaction with the external world in dedicated neural modules called internal models 
(Gomi and Kawato, 1997; Lackner and Dizio, 1994; Sabes, 2000; Shadmehr and Mussa 
Ivaldi, 1994; Wolpert and Kawato, 1998). These internal models or embodied neural 
dynamical systems would calculate the required muscle activation patterns specifically 
for a given class of similar movements, which may represent a learned task or a unit of 
motor memory (Haruno et al., 2001; Wolpert and Kawato, 1998). 

4.1.Conclusions 

In conclusion, our results have shown that when controlling for the temporal 
evolution of primitives, the primitives obtained from muscle activity and gravitational 
torques shared the most variance. This suggests that motor primitives do not consist of 
signals of a single modality, but rather combine both kinetic and kinematic signals. 
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Figure and Table Legends 

Figure 1. Experimental setup and analysis flow. (A) Illustration showing the 
locations of reaching targets, arranged in a semi-spherical pattern in VR, relative to the 
physical location of the subject. The central target is shown in red and one of the goal 
targets is shown in green. (B) Schematic representation of analysis flow. IDM stands for 
inverse dynamic model. NMF1, NMF2, and MNF3 indicate separate analyses applied to 
EMG, muscle torque, and other kinetic and kinematic data respectively. Mathematical 
symbols match those used in formulae in Methods.  

Figure 2. Examples of NMF analysis of EMG. (A) Average muscle activation 
(solid lines) from two muscles during one movement for one subject (plotted with 
standard deviation from 15 repetitions of the same movement). The subject shown here 
required 4 primitives for EMG VAF > 95%. The activation profiles from these primitives 
were categorized as A, B, D and E based on the order of their peaks (see Methods). (B) 
Illustration of weights across movements for the two EMG signals. The NMF weights for 
each primitive and each movement direction is the distance in the polar coordinates, the 
angle is based on the direction of motion in one plane, or the reaching target location 
relative to the starting target. 

Figure 3. Example motion signals, muscle activity, and corresponding NMF 
weights for a single subject. The central polar plots show normalized weights for the 
first NMF primitive plotted as in Fig. 2B. The temporal profiles of signals from which the 
NMF weights were obtained are shown around the polar plots in matching colors. All 
signals are normalized in time and amplitude as described in Methods for NMF analysis. 
(A) Joint angles in time and corresponding weights from NMF3. Averages (solid lines) 
and standard deviations (shaded areas) are across movement repetitions. (B) Angular 
velocity in time and corresponding weights from NMF3, formatted as in (A). (C) Muscle 
torques in time and corresponding weights from NMF2, formatted as in (A). (D) MG 
torque in time and corresponding weights from NMF3, formatted as in (A). (E) MN 
torque in time and corresponding weights from NMF3, formatted as in (A). (F) EMG 
signals in time and corresponding weights from NMF1. Averages (solid lines) and 
standard errors of the mean (shaded areas) are across movement repetitions. Muscle 
abbreviations are as described in Methods. 

Figure 4. Temporal activation profiles of EMG, muscle-torque, and 
mechanical primitives. Average normalized activation profiles (solid lines) and standard 
deviations (shaded area) across all eight subjects are plotted for each activation. The 
activation profiles were arranged based on the occurrence of the first peak and labeled A 
through C for muscle-torque (blue) and mechanical (black) primitives. EMG activation 
profiles were labeled A through C (red). Titles show the labels for activation profiles 
from each type of primitive that are plotted on the same plot. Both temporal and 
amplitude values for all activation profiles were normalized as described in Methods. 

Figure 5. Cross-correlation lag times and peaks of NMF activation profiles. 
(A) Lag times that correspond to maximal correlations between activation profiles of 
EMG primitives. Red lines indicate the median value across subjects with the 25th and 
75th percentiles marked by the edges of each box. (B) Peak times of each activation 
profile of EMG primitive per subject. (C) Lag times that correspond to maximal 
correlations between activation profiles of EMG and muscle-torque primitives. Plot is 
formatted as in A. (D) Peak times of activation profiles of EMG primitives and the 
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corresponding muscle-torque primitives per subject. (E) Lag times that correspond to 
maximal correlations between activation profiles of EMG primitives and mechanical 
primitives. Plot is formatted as in A. (F) Peak times of activation profiles of EMG 
primitives and the corresponding mechanical primitives per subject. 

Figure 6. Shared variance between weights from NMF1 on EMG and NMF2 
on muscle torques. The colors of circles indicate r2 values between weights for 
corresponding signals across all movements averaged across subjects. Muscle 
abbreviations are as described in Methods. F/E stands for flexion/extension; Ab/Ad 
stands for abduction/adduction; Pro/Sup stands for pronation/supination. 

Figure 7. Shared variance between weights from NMF1 on EMG and NMF3 
on kinematic and kinetic signals. The colors of circles indicate r2 values between 
weights for corresponding signals across all movements averaged across subjects. Muscle 
abbreviations are as described in Methods. F/E stands for flexion/extension; Ab/Ad 
stands for abduction/adduction; Pro/Sup stands for pronation/supination. 

 

Tables 

Table 1. rANOVA1 on shared variance between weights of NMF 1 on EMG and 
weights of NMF2 on muscle torques.  
rANOVA Degrees of Freedom F 

 
p 

Factors 119 3.58 0.01 

Gender x Factors 119 0.84 0.53 

Multiple comparisons  Difference p 

Factor Primitive  A - C/E -0.02 0.09 

Factor Joint across - within 0.002 0.65 

 
 
Table 2. rANOVA2 on shared variance between weights of NMF 1 on EMG and 
weights of NMF3 on kinematic and kinetic signals.  
rANOVA Degrees of Freedom F 

 
p 

Factors 479 3.32 0.02 

Gender x Factors 479 0.88 0.51 

Multiple comparisons  Difference p 

Primitive A velocity - angle -0.023 0.15 

Primitive A velocity - MG torque -0.003 0.93 

Primitive A velocity - MN torque 0.013 0.64 
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rANOVA Degrees of Freedom F 
 

p 

Primitive A angle - MG torque 0.019 0.07 

Primitive A angle - MN torque 0.036 0.18 

Primitive A MG torque - MN torque 0.017 0.45 

Primitive C/E velocity - angle -0.012 0.47 

Primitive C/E velocity - MG torque -0.033 0.01 

Primitive C/E velocity - MN torque 0.024 0.1 

Primitive C/E angle - MG torque -0.021 0.16 

Primitive C/E angle - MN torque 0.036 0.05 

Primitive C/E MG torque - MN torque 0.056 0.02 
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