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Learning to Use Muscles

by
Gerald E Loeb?

The human musculoskeletal system is highly complex mechanically. Its neural control must deal successfully
with this complexity to perform the diverse, efficient, robust and usually graceful behaviors of which humans are
capable. Most of those behaviors might be performed by many different subsets of its myriad possible states, so how does
the nervous system decide which subset to use? One solution that has received much attention over the past 50 years
would be for the nervous system to be fundamentally limited in the patterns of muscle activation that it can access, a
concept known as muscle synergies or movement primitives. Another solution, based on engineering control
methodology, is for the nervous system to compute the single optimal pattern of muscle activation for each task
according to a cost function. This review points out why neither appears to be the solution used by humans. There is a
third solution that is based on trial-and-error learning, recall and interpolation of sensorimotor programs that are good-
enough rather than limited or optimal. The solution set acquired by an individual during the protracted development of
motor skills starting in infancy forms the basis of motor habits, which are inherently low-dimensional. Such habits give
rise to muscle usage patterns that are consistent with synergies but do not reflect fundamental limitations of the
nervous system and can be shaped by training or disability. This habit-based strategy provides a robust substrate for the
control of new musculoskeletal structures during evolution as well as for efficient learning, athletic training and
rehabilitation therapy.

Key words: redundancy, synergies, primitives, musculoskeletal mechanics, motor habits, control theory, optimal
control, servocontrol.

How might humans learn to use muscles?

Current theories and strategies for
sensorimotor  control reflect the historical
confluence of three very different methodologies:
psychology,  physiology and engineering.
Psychology provides the taxonomy of behavior —
collecting observations and organizing them
according to perceived patterns and statistical
correlations. Physiology is a reductionistic
approach to discovering the mechanisms that give
rise to the psychophysical observations.
Engineering is the invention of solutions to what
are often similar problems that arise in the world
of machines. Engineers sometimes take
inspiration from mechanisms of nature and
sometimes propose that their own inventions
might provide insights into biological systems.

Theories of biological sensorimotor control
and strategies for engineered sensorimotor control
can both be divided into four general schemas:

Biological organisms and bespoke machines
are subject to very different constraints that
determine the relative suitability of the control
strategies in Table 1. Both simple organisms and
simple machines may be able to wuse
preprogrammed Central Pattern Generators
(CPGs) effectively to perform a limited and
predictable set of tasks. This confers the
advantage of achieving the required performance
immediately out of the box or egg or womb. The
vestiges of such solutions may be found in CPGs
for breathing (Von Euler, 1983), hatching (Suster
& Bate, 2002) and quadrupedal locomotion (M.
Shik, Orlovskii, & Severin, 1966; M. L. Shik &
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Orlovsky, 1976).

For more sophisticated systems and open-
ended task sets, it may be necessary to learn
solutions, but these take time to acquire and
refine. Human infants make millions of trial-and-
error movements before they are proficient
enough to function (Piek, 2006), movements that
would frustrate the purchasers of a robot and
wear it out before it became useful. Engineers
have devised efficient methods to shorten
somewhat this period of “system identification”
of the plant to be controlled and to embed the
resulting information in mathematical models that
permit online analytical solutions to achieve
optimal control of any goal (Johansson,
Robertsson, Nilsson, & Verhaegen, 2000).

For the most complex physical plants with
many degrees of freedom and especially those
with nonlinear properties such as biological
musculoskeletal systems, analytical algorithmic
solutions may not now (or ever) be
computationally tractable or even theoretically
feasible. One strategy is to simplify the plant by
adding assumptions about the function of low-
level circuitry that intermediates between
commands and plant. Muscle synergies have been
proposed as a mechanism that might reduce the
number of degrees of freedom that the central
command generator need consider to perform
tasks. Servocontrol by proprioceptive feedback
has been proposed as a mechanism to linearize
the mechanical output of individual muscles in
response to neural activation.

When it is not possible or advisable to
simplify the plant sufficiently to enable analytical
solutions, engineers increasingly turn to deep-
learning neural networks, whose workings are
inspired by at least some of the mechanisms that
biological neurons employ to process, store and
retrieve information. Neural network
methodology has been applied widely and
successfully to understand biological perception
and to enable machine perception. Neural
networks are particularly attractive for biology
because they should be able to adapt rapidly and
safely to a plant with highly complex,
unpredictable and changing properties. These are
conditions of both ontogenetic development and
phylogenetic evolution. This review considers
whether motor action might share the same
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cortical computational substrate as learned
perception.

The topics below consider i) the complexity
of the musculoskeletal system, ii) proposals to
simplify this system in order to facilitate various
control strategies, and iii) options to handle
complexity that account for the motor behavior
observed by psychologists and that might be
embodied using biological components described
by physiologists.

I have chosen to illuminate these topics with
quotations from the work of Nikolas Bernstein
(1896-1966), published originally in Russian
starting in the 1930s and discovered by Western
scientists after its translation in 1967. The quotes
are identified here with the dates of the original
Russian and German journal articles plus the page
number from the currently accessible version
(Whiting, 1984), which includes Whiting’s 1967
translation  (Bernstein, 1967) plus invited
commentaries from other researchers written in
1983. Unfortunately, most current researchers
have not read these in any language and rely
instead on the interpretations of those who claim
the work as precedent and justification for
theories that Bernstein had already considered
and rejected. I confess to having been in that camp
until recently and to being now both chastened
and encouraged.

i) Is the musculoskeletal system redundant
or overcomplete?

Bernstein’s original and oft-cited observation
of redundancy came from painstaking inverse
dynamic analysis of cinematographical records of
natural human behaviors. Bernstein appears to
have been the first to perform such rigorous
analyses. It is a disservice to reduce them to such
a trivial observation. Most tasks can be
accomplished by different combinations of joint
trajectories (kinematics) or muscle activations
(kinetics) because the description of the task is
inevitably under-specified. If a task is described
simply as repositioning a fingertip from one key
to an adjacent one while standing at a keyboard,
then this kinematic task could be accomplished by
repositioning almost any or all joints from the
metacarpophalangeal to the feet. All of those
movements are possible but we usually choose to
type with metacarpophalangeal and perhaps
some wrist movement because they are better
suited to achieving speed and accuracy. An expert
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can type at 120 words/minute, which corresponds
to 600 characters/minute or 10 characters/second.
If the brain is confused by a plethora of redundant
options, it isn’t confused for long.

The kinetic redundancy that was of more
interest to Bernstein and his many followers
focuses on how the nervous system decides which
muscles to use to create a particular kinematic
trajectory (Figure 1). Again the problem is
obvious. A child asked to “make a muscle” first
activates the muscles to hold the forearm in a
vertical posture with the shoulder abducted and
then cocontracts the biceps and triceps brachii to
bulge the muscles without changing the arm
posture. If the task were posed only as “hold your
forearm vertical with your shoulder abducted,”
EMG data will show one pattern of muscle use;
“make a muscle” produces a different pattern for
the same kinematics.

None of this apparent redundancy surprised
or discomfited Bernstein, nor did it by itself
suggest a solution:

“Knowledge about the processes of co-ordination
is not obtained deductively from knowledge of the
effector process.” N. Bernstein, 1940, p.233

Bernstein  considered the solution of
restrictions on available strategies and rejected it:

“Eliminating  the  redundant  degrees  of
freedom...is employed only as the most primitive and
inconvenient method, and then only at the beginning of
the mastery of the motor skill, being later displaced by
more flexible, expedient and economic methods of
overcoming this redundancy through the organization
of the process as a whole.” N. Bernstein, 1957, p.375

One solution to the redundancy problem is to
recognize that motor tasks include explicit or
implicit requirements and constraints beyond the
description of the primary goal of the task (G. E.
Loeb, 2000). The subject is often instructed to
make movements at one or two joints while not
moving others in order to standardize
performance and facilitate analysis. Figure 1
shows 50 muscles operating 7 DOFs, but many of
those muscles are multiarticular and act also on
the numerous joints of the hand and fingers
(distally) and cervical and thoracic vertebrae
(proximally). Those joints were assumed to be
rigid (called boundary conditions by engineers) in
order to enable the forward simulation and
inverse dynamic calculations that happened to be
of interest to the authors. The total number of
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muscles in the hands, arms, shoulder girdle and
cervicothoracic spine is not far from the
mathematical minimum of two antagonist
muscles required for each degree of freedom in
the joints (G. E. Loeb, 2000).

In many motor psychophysical experiments,
the subject may be considering the likelihood of
internal noise or external perturbations, which
would favor some of the otherwise redundant
solutions over others (Francisco ] Valero-Cuevas,
2016). The engineering concept of impedance
provides a richer specification of a motor task that
can be used to differentiate solutions that are
redundant both kinematically (joint angles) and
kinetically (net joint torques) until perturbed
(Hogan, 1984a, 1984b). Impedance is a generalized
way to describe the reactive forces that arise if a
system is perturbed. It adds three dimensions to
the kinematic specification of any task: stiffness
(response to change of position), viscosity
(response to change of velocity), and inertia
(response to change of acceleration). Some of the
stiffness and viscosity is the result of neurally
mediated reflexes but a significant component
reflects the intrinsic properties of muscles, which
include highly nonlinear relationships between
the length and velocity of the sarcomeres and the
force produced at a constant level of activation
(G.A. Tsianos & Loeb, 2017). By selecting different
postural configurations for the same end-point, it
is also possible to change the inertial response
seen at the end-point (which is why it is wise to
keep your elbow flexed when using your hand to
feel for obstacles in the dark). By judiciously
selecting different patterns of muscle coactivation
that achieve the same net torques at the joints, the
subject can enable useful “preflexes” that will
generate forces that oppose perturbations without
incurring the delays inherent in neurally
mediated reflexes (Brown & Loeb, 2000). Similar
strategies can reduce the effects of internal noise
on the variability of forces exerted on objects (L. P.
Selen, Franklin, & Wolpert, 2009; L. P. J. Selen,
Beek, & van Dieen, 2005).

Muscles that are anatomical synergists may
have important differences in their architecture
that give them advantages or disadvantages for
tasks  with  different kinematics. =~ Many
psychophysical tasks require large numbers of
repetitions. If the subject understands this, then
minimizing effort and avoiding fatigue constitute
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another implicit requirement of the task that
would  differentiate  otherwise  redundant
solutions. Figure 2 illustrates the very slow and
sometimes halting differentiation of three
otherwise synergistic muscles into a new synergy
pattern that achieves such a goal. The final
patterns of muscle recruitment took advantage of
architectural differences that affect their economy
of force generation (energy consumed to produce
a force-time impulse) for concentric vs. eccentric
work.

Humans often use their limbs to generate
forces on objects rather than to produce unloaded
postures. The neural circuitry for such tasks has
been less studied because of poor animal models
and methodological complexity. Valero-Cuevas
introduced the notion of “feasible activation
space” for the 7 muscles that enable the human
index finger to generate 3D force vectors at the tip
(Cohn, Szedlak, Gartner, & Valero-Cuevas, 2018;
Francisco ] Valero-Cuevas, 2016; Francisco ]
Valero-Cuevas, Zajac, & Burgar, 1998). Many
patterns of muscle recruitment can generate a
given low-force vector, but these apparently
redundant solutions disappear gradually and
naturally as the required forces increase. What
remains is a family of patterns that change
abruptly as the direction of this maximal force
generation changes, suggesting that the nervous
system is able to control these muscles
independently when necessary.

ii) Do muscle synergies reduce the
dimensionality of motor control?

Synergies are extracted from multimuscle
EMG records by any of several statistical methods
for blind-source separation according to matrix
factorization (Ebied, Kinney-Lang, Spyrou, &
Escudero, 2018). What does that jargon mean in
plain English? It means that the investigator
already believes that the available EMG records
do not span the space of all possible combinations
but instead might be reduced to some unknown
number of recurring and intermixed patterns. The
question is then how many such underlying
patterns are required to account for the data. That
depends on how much data are available and
what is meant by “account for.”

The importance of the data available for the
synergy extraction can be appreciated by asking
how many DOFs and synergies are present in a
piano. We already know that the piano has 88
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independently operable keys (DOFs), but a
synergy analysis based on the performance of one
musical composition would find that a much
smaller number of recurring patterns could
describe the ways in which the keys are played. If
the analysis includes another composition in
another key and genre, the number of recurring
patterns (i.e. synergies) will be greatly expanded.

The criteria for claiming that a certain
number of synergies account for the data are
arbitrary, as is generally the case for statistics and
probability. Extracting additional synergies is
always possible and generally will then account
for more of the underlying variance in the data, at
least until the residual variance has been reduced
to white noise. Many researchers assert that their
synergies account for their data after they account
for 90% of the variance (0.9 VAF). Nevertheless,
the residual variance is usually considerably
higher than the physical noise of the recordings,
so why stop?

One way to consider whether residual
variance may be relevant to the brain’s control of
the musculoskeletal system is to ask what motor
error might be introduced if that variance were
uncontrolled. This turns out to be considerably
higher as a result of the nonlinearities of the
processes that convert electrical excitation (EMG)
into myofilament activation, force production,
torque generation and skeletal motion. For human
locomotion, a forward simulation of trajectory
from extracted synergies resulted in unacceptable
errors that required considerable fine-tuning of
the synergies to correct, defeating the purpose of
synergies (Neptune, Clark, & Kautz, 2009). A
similar forward simulation analysis for the
simpler task of isometric force generation by 5
wrist muscles (Figure 3) shows that the criterion
of variance accounted for (VAF) approaches
values generally seen as acceptable (90%) with
only 3 synergies, but aiming error would then be
over 30%. Aiming error doesn’t decline to less
than 10% until the number of synergies equals the
number of muscles (Aymar de Rugy et al., 2013).
A similar conclusion was reached for a virtual
force task involving 10 shoulder and elbow
muscles moving a splinted forearm (Barradas,
Kutch, Kawase, Koike, & Schweighofer, 2020).

How many data points go into a synergy
extraction depends on the number of EMG
channels available as well as the number and
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variety of behavioral tasks recorded (Ebied et al.,
2018). It is rarely feasible to record from all
muscles that contribute forces to a set of tasks.
The selection is usually determined by anatomical
limitations on the placement of skin-surface EMG
electrodes. That methodology often excludes or
under-samples the deep, slow-twitch muscles that
dominate low-force tasks (Chanaud, Pratt, &
Loeb, 1991). EMG signals allegedly from deep
muscles may be contaminated with cross-talk
from superficial muscles, introducing spurious
correlations (G. E. Loeb & Gans, 1986).

One way to test the utility of synergy
without  such  methodological
limitations is to apply it to a synthetic data set
with a completely known set of muscle activations
that produce ideal performance and then see how
well performance would be captured by the
synergies instead of the optimal recruitment. This
enables simulation of typical experiments in
which EMG signals are available from only a
subset of the muscles that contribute to the
behavior. For the simple, 2D isometric forearm
task illustrated in Figure 4, the ability of synergies
to account for performance depended on which 8
of the 13 contributing muscles provided the EMG
signals. Note that only 3 synergies account for
~90% of the EMG variance for both the feasible
(redundant) and the ideal (less-redundant) subset,
but the aiming error remains unacceptable (>30%,
Fig. 5E) even after extracting 8 synergies for the 8
muscles that are most accessible experimentally
but more redundant mechanically (Aymar de

extraction

Rugy et al., 2013).

iii) What neural mechanisms are
responsible for motor behavior?
Chasing Metaphors

The strategies discussed below in more detail
have often been presented in
ambiguous language that might be summarized
as follows:

1. Human subjects exhibit limited patterns of
muscle recruitment as if they had access only to a
limited set of synergies.

2. Human subjects perform tasks as if they were
computing optimal patterns of muscle use from
internal models of their musculoskeletal system.

Physiologists are interested in such
statements to the extent that they describe
mechanisms that lead to experimentally testable
hypotheses. Does “as if” connote mechanism or

somewhat
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metaphor?  If
observations that they claim can be restated in
much more prosaic form:

i.  Human subjects tend to reuse motor habits.

ii.  Human performance tends to become better
with practice.

While worth noting, statements i and ii are
rather mundane observations rather than testable
hypotheses; they have little value for reductionist
science. The discussion below considers the

only metaphor, then the

mechanisms implied by statements 1 and 2 as well
as alternative mechanisms that would account for
observations i and ii.

It is useful to consider the historical context
that led to interest in mechanisms 1 and 2 above,
which are not mutually exclusive. In one of the
commentary chapters in the 1984 reprint,
Bernstein was chided for discarding the
possibility of an analytical solution for the “more
flexible, expedient and methods  of
overcoming this redundancy through the organization
of the process as a whole”. Geoffrey Hinton pointed
to a recently developed, simplified Newton-Euler
solution for inverse dynamics that had been
implemented as software for a PDPI11
minicomputer (Luh, Walker, & Paul, 1980) to
argue that an internal model of the
musculoskeletal plant might be used by the
nervous system as part of the computation of
motor output (Hinton, 1984). Hinton further
proposed “synergies” to eliminate the remaining
redundancy to decide which muscles to use to
generate the required torques at each joint,
despite Bernstein’s rejection of that simplification
and the above-noted problem of multiarticular
muscles.

Internal Models to Compute Motor Output

For musculoskeletal systems and behaviors
that are too genetically
preprogrammed solutions, the nervous system
might compute analytical solutions to motor
control problems as they occur; for overviews see
(Shadmehr & Krakauer, 2008; Wolpert, Miall, &
Kawato, 1998). The general form of engineered
analytical solutions includes both a forward and
inverse model that describe the behavior of the
musculoskeletal plant (yellow cloud in Fig. 5).
This idea has been fully developed and
substantially validated as a representation of the
oculomotor system for control of eye movements
(Girard & Berthoz, 2005; Manto et al., 2013). It is

economic

complex  for
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often assumed to generalize to limb control. The
eye is a very special motor plant, however. It is a
single ball-and-socket joint with negligible inertia
and friction that is controlled by 6 muscles
arranged in 3 pairs of antagonists that act
orthogonally on its 3 DOFs. The oculomotor pools
receive little or no proprioceptive or cutaneous
feedback; adaptive control is based on visual slip
of the image on the retina, which is tightly
coupled to the eye movements produced by the
muscles. These unique simplifications make it
feasible for the cerebellum to construct and
calibrate forward and inverse models through
neurophysiologically realistic learning (Kawato,
1999; Kawato & Gomi, 1992).

Feasibility of Internal Models of Limbs

None of the oculomotor simplifications are
relevant to the musculoskeletal system of the rest
of the body. In fact, they don’t even explain visual
gaze, which often includes ballistic movement of
the head as well as the eyes (Vliegen, Van Grootel,
& Van Opstal, 2005), using the highly complex
musculoskeletal linkage of the cervical spine
(Richmond, Singh, & Corneil, 2001). In addition to
mechanical complexity (Fig. 1), limb motor pools
receive massive amounts of sensory feedback.
Engineers often use such feedback for a local
servocontroller that linearizes the behavior of
each motor, simplifying the inverse model
required by the controller in order to compute the
feedforward commands. Does such feedback in
biological systems (blue dotted line in Fig. 5)
provide a similar simplifying assumption for the
brain?

In principle, the excitatory feedback from the
muscle spindle stretch receptors could be used
when desired to stabilize the length of individual
muscles or the position of a joint if such
servocontrol loops were configured reciprocally
in antagonist pairs of muscles. The inhibitory
feedback from the Golgi tendon organs could be
used to stabilize the force output of individual
muscles. A combination of the two servocontrols
could be used to stabilize stiffness, the ratio of
force to length, and a component of impedance
control (Houk, 1979). Such feedback circuits had
been identified by Sherrington in the cat spinal
cord. Similar feedback circuits were in
widespread use for the servocontrol of the motors
used in many physiological experiments. The
servocontrol metaphor gave rise to “Merton’s
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hypothesis” (Marsden, Merton, & Morton, 1976;
Merton, 1953), “equilibrium point control”
(Asatryan & Feldman, 1965; Bizzi, Hogan, Mussa-
Ivaldi, & Giszter, 1993; Feldman & Levin, 1995),
“motor partitioning” (Windhorst, 1979;
Windhorst, Hamm, & Stuart, 1989), “stiffness
control” (Houk, 1979), and “task groups” (G. E.
Loeb, 1985). All of these have fallen out of fashion
as the interneuronal connectivity of the spinal
cord was probed further (see subset illustrated in
Figure 6). It became clear that these circuits
reflected a much broader control scheme (Eccles &
Lundberg, 1958; Jankowska, 2013; Jankowska &
McCrea, 1983; Pierrot-Deseilligny & Burke, 2005).
Furthermore, much of the descending control
from the brain converges on this interneuronal
circuitry (Eccles & Lundberg, 1959; Rathelot &
Strick, 2009) rather than the originally proposed
final common pathway of the motoneurons
(Sherrington, 1906). From the brain’s perspective,
the yellow cloud in Figure 5 must be extended to
include this convergent circuitry (oversimplified
for illustration as the blue summing junction) as
well as the musculoskeletal apparatus (discussed
further below).

Yet another engineering tool has been
applied in order to understand the spinal circuitry
as a programmable regulator — a multi-input,
multi-output form of servocontrol whose matrix
of gains can be reset dynamically to achieve
desirable states (He, Levine, & Loeb, 1991; G. E.
Loeb, Levine, & He, 1990). Engineering tools such
as linear quadratic regulator (LQR) design
(Athans & Falb, 1966) and optimal feedback
control (Koppel, Shih, & Coughanowr, 1968) were
originally devised to provide analytical solutions
for complex industrial systems like refineries and
rockets. Computing the optimal biological
solutions requires a metric for the cost to be
minimized (see below) plus an invertible model of
the musculoskeletal system, which is difficult but
feasible with some simplifications. The solutions
include the net gains from each sensor to each
actuator rather than the details of interneuronal
circuitry, but the gains correspond to the most
prominent spinal interneuron types (modeled in
Figure 6). They suggest a plausible substrate for
the convergence of descending control and
proprioceptive feedback (G. E. Loeb et al., 1990).
Experimental Evidence for Internal Models

Direct evidence of active programming of a

http://www.johk.pl
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regulator can be seen in the ability of the brain to
reverse the shortest latency, heteronymous stretch
reflexes from the wrist muscles to the elbow
muscles in order to facilitate stabilization of the
hand position when the wrist is in a pronated vs.
supinated posture (Figure 7) (Weiler et al., 2019).
It is fair to say that the spinal cord functions as if it
were a regulator programmed by the brain, but
this begs the question of how that program is
computed. The algebraic algorithms used by
engineers to compute optimal regulator gains
have no known analogs in neural circuitry, nor is
there any mathematical method to apportion
them among the diversely connected interneurons
of the spinal cord.

The shortest latency reflexes are interesting
to neurophysiologists because they can be
attributed unambiguously to spinal circuitry, but
they are only a small component of the complete
response to perturbations. The larger, longer
latency responses (such as those seen after 50ms
in Figure 7) provide enough time for any pathway
to contribute up to and including sensorimotor
cortex, where timely neural activity
corresponding to the perturbation and the
response has been recorded (MacKinnon, Verrier,
& Tatton, 2000). Optimal feedback control has
been developed as a theory of computation for the
motor cortex and voluntary behavior in general
(Liu & Todorov, 2007; Pruszynski & Scott, 2012;
Scott, 2004; Todorov & Jordan, 2002). By carefully
designing the cost function, the performance
achieved by such optimal controllers can be
altered to better match experimental data. Cost
functions typically require some admixture of
terms related to level of effort (e.g. muscle
activation, forces produced, energy expended,
etc.) and to accuracy of performance (e.g.
trajectory following, end-point error, variance as a
result of noise, etc.). Unsurprisingly, cost
functions that emphasize end-point accuracy in
the face of noise or perturbations often account
well for experimental data when such accuracy is
the explicit instruction to the subject. It is useful to
understand the nature of the mechanical problems
thereby solved but optimal feedback control does
not provide hypothetical mechanisms for how
they are solved. If optimal feedback control is a
description of performance rather than a theory of
mechanism, then it comes down to saying that the
nervous system is good at finding solutions that
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are close to optimal for the goals of a task (G.E.
Loeb, 2012).

If motor programs are computed as needed
from internal models, then performance should
improve steadily toward optimal as the internal
model is refined through practice. If the
musculoskeletal plant changes, there must be a
mechanism to update its internal model. Muscles
can change their force generating capabilities in
the long term in response to exercise patterns and
in the short term in response to fatigue or injury.
Figure 8 shows an example in which subjects
accommodated to a short-term change in one
muscle simply by increasing the same pattern of
recruitment rather than making adjustments
consistent with a revised internal model (A. de
Rugy et al., 2012). This result is equally consistent
with fundamentally limited synergies as well as
motor habits that persisted over 1.5-2h and 750-
800 trials in this experiment. The synergies that
are extracted from the behavior may eventually
change (as in Fig. 2) as the subject learns to deal
with a chronic change (Nazarpour, Barnard, &
Jackson, 2012). In that case, new synergies would
then suggest motor habits that can be learned and
adapted rather than reflecting hardwired
simplifications of redundant musculature. It is
worth noting that belief in the malleability of
motor habits provides the conceptual basis and
the tools for the professions of physical therapy
and athletic coaching.

The addition of intermediary circuitry
between command and motor output plus the
integration of sensory feedback in that
intermediary circuitry result in two important
effects on the motor control problem. First, this
essentially precludes the development of an
internal model of the plant, much less an
inversion of this model by which to compute
optimal command signals. If the brain had
internal models of the plant that it was trying to
control, those models would have to include all
spinal interneurons and their connectivity to the
motor pools and each other as well as the
mechanical dynamics of the musculoskeletal
system itself (i.e. everything in Fig. 6 extended to
all muscles in the body). Second, descending
control of these interneurons greatly expands the
redundancy problem (discussed further below)
because multiple combinations of command
signals to the interneuronal circuitry can result in
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the same nominal behavior of the plant (George A
Tsianos et al., 2014).

“The motor effect of a central impulse cannot be
decided at the centre but is decided entirely at the
periphery....The decisive role in the achievement of
motor control must be played by afferentation and that
it is this which determined the physiological
conductivity of the peripheral synapses and which
guides the brain centres in terms of the mechanical and
physiological conditions of the motor apparatus.” N.
Bernstein, 1940, p.235.

Learned Repertoire

If it is impossible to generate the forward and
inverse models of the plant that are required by
the strategy depicted in Figure 5, then solutions
must be learned and recalled rather than
computed online.

“The process of practice towards the achievement
of new motor habits essentially consists in the gradual
success of a search for optimal motor solutions to the
appropriate problems....Practice...does not consist in
repeating the means of solution to a motor problem
time after time, but in the process of solving this
problem again and again by techniques which we
changed and perfected from repetition to repetition.”
N. Bernstein, 1957, p. 382.

The feasibility of a “search for optimal motor
solutions” instead of computing them from models
depends on what is meant by success. If the
number of elements to be controlled by the brain
includes all the various interneuronal circuits as
well as the motor pools, then the dimensionality
of the problem is vast. Neither an analytical
solution nor an exhaustive search is feasible, so
finding optimal as the one best strategqy to minimize
a cost function is simply not possible (G.E. Loeb,
2012). Instead, higher organisms that learn tend to
improve their mean performance over time. Such
a strategy of gradual optimization is unlikely to
discover the globally optimal solution and it is
likely to get stuck in motor habits that are
suboptimal (what engineers call a local minimum
in the cost function). It is usually important,
however, for an organism to discover good-enough
solutions quickly. The acceptability of this
strategy depends on the density of and ease of
finding good-enough solutions afforded by the
very high-dimensional and highly redundant set
of circuits that are controlled by the brain.

The schema illustrated in Figure 9 was
implemented for control of 2 DOF
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musculoskeletal models for the wrist and for a
coplanar elbow and shoulder (Raphael et al., 2010;
George A Tsianos et al, 2014; G. A. Tsianos,
Raphael, & Loeb, 2011). The spinal-like regulator
for planar arm movement consisted of 6 muscles
(2 antagonist pairs of monoarticular muscles and
2 biarticular muscles), each equipped with
realistic models of spindle primary (la) afferents
under fusimotor control (Ydynamic and Ystatc) and
Golgi tendon organs (Ib) and with connectivity
subject to presynaptic inhibition/facilitation (see
circuitry outlined in Fig. 6). Distributed
interneuronal circuits included the classical
connectivity for Ia monosynaptic excitation of
synergists and reciprocal inhibition of antagonists,
widespread Ib inhibition, Renshaw inhibitory
feedback from motoneuron collaterals, and
propriospinal convergence of Ia and Ib excitation
with the learned commands en route to
motoneurons. This resulted in 438 separate,
initially randomized gains (all receiving
premovement SET values and a subset receiving
movement initiating GO values) that the
controller had to learn to adjust in order to
accomplish center-out reaches (Fig. 10A). For
simplicity, the GO commands were simple step
functions that contained no information about the
phases of the movement or the temporally
modulated recruitment of muscles required to
accelerate, decelerate and stabilize the distal limb
on the target (Fig. 10B). Nevertheless, it was
always possible to arrive at good-enough sets of
gains that produced dynamic muscle activation
patterns (Fig. 10B), kinematic behaviors and
energy consumption similar to those observed
experimentally.

Importantly, the solution gain sets for
different initializations of the model system
depicted in Figure 6 tended to be very different
(George A Tsianos et al, 2014). Rather than
rerandomizing the gains to learn each new task,
starting with one good-enough solution and
modifying it incrementally to perform other tasks
resulted in sets of solutions that could be easily
interpolated to achieve performance goals that
were intermediate between those for which fully
trained solutions were available (Figure 10B-D).
Such a strategy results in families of muscle
recruitment that might be described efficiently by
statistical extraction of synergies, but no such
synergies existed in the system before training.
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Table 1

All possible sensorimotor control schemes for organisms and machines fall into
one or a combination of four strategies discussed in the rest of the text.

Control Strategy Challenges

Central Pattern Generators Designed or evolved  Fixed performance

Simplifying Assumptions Designed or evolved  Limited performance

(e.g. servocontrol, synergies)

Optimal Control Analytical Non-invertible plant
or or
Exhaustive search Vast state space
Good-Enough Control Learned habits Slow convergence;

Trapping in local minima

shoulder
rotation

forearm
rotation

Figure 1

Computer graphic of the human arm and forearm in the OpenSim platform for modeling
musculoskeletal dynamics, consisting of 7 degrees of freedom (DOFs) and 50 simulated muscles;
from (Saul et al., 2015) with permission of the publishers.
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A rhesus macaque was trained to perform a simple task requiring rapid and precise alternating flexion/extension
movements of the elbow while the other joints were restrained. The task requires essentially the same joint torque to
accelerate and decelerate the forearm but generating the same muscle force during the concentric (accelerating or
agonist) phase requires higher recruitment and much higher energy consumption than during the eccentric
(decelerating or antagonist) phase (G. A. Tsianos, Rustin, & Loeb, 2012). A. Force-velocity curve for sarcomeres. B.
Three muscles — biceps long head (BL), biceps short head (BS) and brachioradialis (Br) — are synergists that are
recruited together to generate flexion torque at the elbow but they have somewhat different musculoskeletal
architecture. The ratio between moment arm (MA) and fascicle length (LF) governs the velocity seen at the
sarcomeres for a given angular velocity at the elbow (dashed vertical lines in A.). C. Maximal force generating ability
compared to isometric for each muscle during the typical acceleration profiles of the flexion and extension phases
of the task. D. The animal performed several hundred such movements in each daily session (x-axis);
the ratio of the integrated EMG amplitude during the agonist wvs. antagonist phase (y-axis), which
will always be substantially greater than 1 to compensate for the force-velocity relationship. For the first week, the
ratios of each muscle were similar but they gradually diverged as the animal learned fo use
BS and Br preferentially to generate torque during the agonist phase. Data from (Cheng & Loeb, 2008).
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A. Subject generating isometric wrist forces in 16 directions. B. Patterns of activity of each wrist muscle (extensor
carpi radialis longus, ECRI and brevis, ECRb; extensor carpi ulnaris, ECU; flexor carpi ulnaris, FCU; flexor carpi
radialis, FCR) graphed radially for each direction. C. Pulling direction of each muscle. D. Validation of optimal
control model to account for human performance while minimizing sum of squared muscle activations. E. Ability of
number of synergies extracted to account for variance in the EMG records (VAF), the statistical correlation
coefficient (R?) and aiming error (AE). Adapted from (Aymar de Rugy, Loeb, & Carroll, 2013) with permission of the
publisher.
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2D Forearm Task — 8 of 13 muscles
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Isometric force vectors for 2D forearm (flexion/extension & pronation/supination) produced by 13 optimally
recruited muscles (Supinator, SUP; the short and long heads of Biceps Brachii, BIC sh and In; Brachialis, BRS;
Brachioradialis, BRD; Pronator Teres, PT; Pronator Quadratus, PQ; the long, medial, and lateral heads of Triceps,
TRI In, m, and It; Extensor Carpi Radialis longus and brevis, ECRI and ECRV; flexor carpi radialis, FCR). A.
Pulling directions in 2D space for the 8 muscles typically recordable with surface EMG electrodes. B. Force vectors
(red + symbols) toward 16 targets computed according to 1-8 synergies extracted (using multiple initializations)
from the 8 somewhat redundant muscles recordable with surface EMG electrodes. C and D. Pulling directions for the
8 less-redundant muscles that better reflect the 2D task and simulated force vectors for synergies extracted for those
muscles. E and F. Synergy performance as in Fig. 3. From (Aymar de Rugy et al., 2013) with permission of the
publishers.
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Figure 5

Simplified engineering block diagram for analytical control based on internal models of the system being controlled.
The Forward Model predicts how the musculoskeletal mechanics of the plant will generate Movement in response to
commands generated by the Inverse Model. If those commands include errors, the predicted movement can be
compared to the Desired Movement to request corrective movements. The Inverse Model allows the controller to
compute commands that will cause the Desired Movement (including corrective movements) to be produced by the
plant. Dashed lines indicate sensory feedback, which is substantially delayed by musculoskeletal mechanics and
neural conduction velocity. Adapted from Manto et al., 2013.
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Small subset of Spinal Interneuronal Circuitry
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For skeletal linkages with more than one DOF (e.g. 2 DOF planar elbow-shoulder schematic at upper right), many
muscles work sometimes as synergists and sometimes as antagonists (i.e. Partial Synergists). The afferent and
interneuronal connectivity among their alpha motor pools (a) includes Modeled Pathways that subserve both
relationships. Descending control from the brain synapses mostly on these interneurons and presynaptically on their
individual inputs to facilitate or inhibit transmission and on two types of gamma motoneurons that determine the
length and velocity sensitivity of the spindle Ia receptors in each muscle (Raphael, Tsianos, & Loeb, 2010). For the 6
muscle model system, this results in 438 variables that the brain adjusts to prepare for a movement (SET) and a
subset that command the movement itself (GO) (George A Tsianos, Goodner, & Loeb, 2014). Note that this model
omits the extensive feedback from cutaneous receptors via oligosynaptic interneuronal circuits, which have not been
well-characterized.
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Subjects were asked to maintain the position of a handle against a steady load requiring elbow extension by the
triceps brachii muscles from which EMG was recorded. A-G. Sudden force pulses perturbed the handle randomly in
either direction with the forearm and wrist in the upright (pronated; blue traces) or flipped (supinated, red traces)
posture. H-1. Perturbations that flexed the wrist and stretched the wrist extensor muscles resulted in heteronymous
short latency reflexes (25-50ms, limited to spinal circuits) that excited the triceps in the upright position (which
would assist with recovering the target position) and inhibited it in the flipped position (which would prevent it from
opposing the recovery). J-K. Perturbations that extended the wrist also generated spinal reflexes that were reversed
appropriately for the task. From (Weiler, Gribble, & Pruszynski, 2019) with permission of the publishers.
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A. Altered

B. Optimal solution C. Actual solution
muscle force

generation of 15-73%. B. Optimal recruitment patterns for the 16 target directions before and

2012), with permission of the publishers.
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A. Subjects performing the 2D isometric wrist force task described in Fig. 3 were exposed to active lengthening of
one tetanically stimulated wrist muscle (flexor carpi ulneris, FCU), which produced a short-lived reduction in force

this reduction. C. Actual recruitment patterns before and after the reduction. From (A. de Rugy, Loeb, & Carroll,
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Figure 9

Engineering block diagram for good-enough control in which cerebral cortex performs trial-and-error learning and
storage of motor programs that control the state of lower sensorimotor centers such as the spinal cord, where they are
integrated with sensory feedback from the musculoskeletal system. The tasks to be performed are indexed, recalled and
evaluated in sensory coordinates (Gerald E Loeb & Fishel, 2014; Scott & Loeb, 1993), which facilitates computation
of cost as difference between sensory feedback expected and received. Reprinted from (G.E. Loeb, 2012) with
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Performance of the learned repertoire control shown in Figure 9. A. Model system for center-out reaching task with 6
muscles (colored lines) operating coplanar hinge joints at elbow and shoulder to perform center-out reaching tasks to
blue targets (4 of 16 illustrated). B. Reach trajectories (open circles = 10ms steps) and muscle activations (colored
lines) after training to targets T1 and T2 and interpolating to generate reach to Ti. Incremental training consisted of
starting with randomized spinal circuitry control variables, learning to reach T1 and then modifying the same
program to learn to reach to T2; Reinitialized indicates re-randomizing starting condition before learning to reach to
T2, for which interpolation is unreliable. C. and D. Ability of incremental training to generate learned programs that
interpolate for both distance to the target and speed of the reach. Adapted from (George A Tsianos et al., 2014), which
includes additional examples of learning and interpolation of movement programs that cope with complex external
loads called curl-fields (perturbing force orthogonal and proportional to velocity in desired direction of reach).

The multiplicity of efferent pathways for the control

of six muscles o, b, ¢, d, e, f,

by five effector centres

A, B, C, D, E, gives, even in this intentionally simplified
case, a complex structural scheme of innervation.

Figure 11

The pathways A-E represent the pyramidal, rubrospinal, vestibulospinal, and two tectospinal pathways. Reproduced
from N. Bernstein, 1935, p. 111, with permission of the publishers.
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Good-Enough Programs vs. Optimal Control of
Synergies
Elements to be Combined

The storage of motor programs rather than
their on-line computation from internal models
raises the question of how many programs must
be stored to support the very wide range of tasks
that humans learn to perform (G. E. Loeb, 1983).
This would be greatly reduced if a relatively
coarse repertoire of programs can be interpolated
to perform tasks with intermediate parameters
such as direction, distance and speed (as
illustrated in Fig. 10) and even complex loads (e.g.
learning and interpolation of viscous curl fields
demonstrated by Tsianos et al., 2014). In that
sense, the learned, good-enough strategy shares
something with synergies, which must also be
weighted and combined to generate any behavior.
The difference is that an individual “good-
enough” program is good enough to generate one
useful behavior, whereas an individual synergy is
not. It is immediately obvious how an infant
performing
movements might learn, store and recall good-
enough programs that generated useful
movements. Interestingly, roboticists are starting
to consider strategies whereby robots can explore
complex environments, learn iteratively to
perform tasks and build upon a repertoire of
solutions to address ever more complex tasks
(Forestier, Mollard, & Oudeyer, 2017). By contrast,
no mechanism has been proposed to learn
synergies from scratch; they must be extracted
statistically from observations of mature behavior.

The proponents of synergies generally

thousands of trial-and-error

assume that the observed synergies are embodied
by neural circuits that are hard-wired rather than
learned, sometimes referred to as primitives
(Giszter, 1992). Some stereotypical circuits that
might be genetically preprogrammed constitute
the CPGs for the most primitive and innate
behaviors such as the coordination of
quadrupedal locomotion. Quadrupedal
locomotion in the cat is under the control of a
spinal CPG that can generate such stereotypical
patterns of motoneuron activity even in the
absence of sensory feedback (M. L. Shik &
Orlovsky, 1976). Nevertheless, idiosyncratic
differences exist in muscle activation and reflex
response patterns in intact, normally behaving
animals (G. E. Loeb, 1993). Asymmetries can be
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induced by wunilateral surgical alteration of
hindlimb musculoskeletal mechanics at an early
age (G. E. Loeb, 1999). Furthermore, there is little
reason to expect the elements of quadrupedal
locomotion to provide a useful basis for playing
soccer or eating with utensils. It seems unlikely
that primitives enabling such learned skills arose
in phylogeny or ontogeny before the skills
themselves, skills that human infants require
years to acquire.

Good-enough control requires another type
of primitives — a set of spinal circuits that mix
descending commands with sensory feedback and
project onto various combinations of motor pools.
There is no question that such circuits exist. The
analytical tool used to identify optimal reflex
gains to stabilize standing posture in the cat
generated patterns that bore a striking
resemblance to the most prominent circuits that
have been identified by neurophysiologists,
suggesting that these circuits are well-designed
primitives (G. E. Loeb et al., 1990).

It is unclear which details of the apparently
well-designed  spinal and  other lower
sensorimotor centers are hard-wired genetically
and which might arise from Hebbian self-
organization during spontaneous motor activity
in the fetus (D'elia, Pighetti, Moccia, &
Santangelo, 2001; Kiehn & Tresch, 2002) and
motor babbling in the infant (Caligiore et al., 2008;
Lee, 2011). Many of these centers are also under
the direct and indirect control of the cerebellum,
which has its own learning algorithms (Koziol et
al., 2014). A judicious combination of genetically
specified and learned control of basic connectivity
would provide the sort of malleable substrate
required to accommodate the evolution of new
species (Enander et al.,, 2019). Such evolution is
driven by random mutations of the
musculoskeletal and other hardware that enable
improved performance of some important task,
but such a mutation will not persist unless the
first individual in which it occurs can
immediately take advantage of it (Partridge,
1982). If the spinal circuitry primitives that form
in an individual animal in some way reflect the
musculoskeletal mechanics of that individual, this
challenge becomes tractable. Such adaptive circuit
primitives then might enable efficient trial-and-
error discovery of sets of motor commands from
the brain to these circuits that could take full
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advantage of both normal and mutated
musculoskeletal mechanics.
Storage and Recall of Good-Enough Programs

The schema presented in Figure 9 proposes
that tasks be defined in the brain by the complete
set of sensory feedback that is expected when the
task is being performed successfully. Sensory is
defined broadly to include all sensory modalities
(somatosensory, visual, auditory, etc.) plus
efference copy signals regarding the state of the
plant while performing the task. The various
areas of the neocortex consist of neural networks
that would function as an associative memory
that stores a repertoire of previously learned
tasks, indexed according to this sensory
information and associated with the descending
programs that performed them.

In order to perform a task, the brain must
first associate the sensory information that calls
for the task (e.g. the appearance of a desirable
target object) with this stored sensory
representation of the task being successfully
performed (e.g. object acquired). That
representation is then associated with the stored
motor program that last performed the task. More
than one such program may be recalled if the
parameters of the task lie between those of the
nearest stored programs. The weighted sum of
those associated motor programs constitutes the
motor output to the Spinal-Like Regulator, which
integrates it with concurrent sensory feedback
and sends it to the motoneurons and
musculoskeletal system. Before, during and after
the movement, state and sensory feedback to the
brain can be compared to the sensory coordinates
of the task to generate a Cost (a plausible function
of cerebellum). If the discrepancy is unacceptable,
the program can be tweaked by the Random Walk
generator and tried again. The functions of
judging acceptability and recruiting cortex to
attend to shortcomings seem compatible with a
value computation that has been proposed for
basal ganglia, which is then transmitted to cortex
via the thalamocortical pathway (Bosch-Bouju,
Hyland, & Parr-Brownlie, 2013; Nakajima &
Halassa, 2017). If the tweaked program is better
than the previously stored program, it can be
stored in its stead in the cortical Repertoire.
Because the gains being tweaked randomly (via
cortical output to the Spinal-Like Regulator) have
no simple relationship to improvements or
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deteriorations of performances, such repeated
practice appears to an observer as a random-walk.

Storage of tasks in sensory coordinates and
their association with outputs in motor
coordinates (descending commands to the Spinal-
Like Regulator and other sensorimotor structures
as described below) provide an opportunity to
unify and integrate the classically separate
behavioral activities of perception and action
(Gerald E Loeb & Fishel, 2014). Complex
perceptual tasks such as visual scene recognition
or haptic object identification are generally
performed iteratively as a sequence of motor
actions that shift gaze or move fingers, in turn
motivated by judgments about the degree of
concordance with previous experience. Familiar
scenes and objects are recognized according to the
sensory information so obtained, which must be
integrated contextually with the exploratory
actions that led to that information (Subramanian,
Alers, & Sommer, 2019). The internal
representations of previously experienced entities
in a self-organizing neural network are gradually
refined with repeated exposure. Once an entity is
recognized, the brain often needs to recall and
consider what actions (motor commands) and
outcomes (sensory signals) have been associated
with the entity in order to make strategic plans.
The schema in Figure 9 might then apply to
virtually all cortical areas, which have broadly
similar cytoarchitecture and plastic connectivity
consisting of ascending afferent information,
descending efferent projections and reciprocal
projections with other cortical areas (Diamond,
1979).
Responses to Perturbations and Errors

Most of the literature on synergies is based
on the study of unperturbed motor tasks.
Compensations for errors and perturbations
greatly increases the dimensionality of the
problem (F.J. Valero-Cuevas, Venkadesan, &
Todorov, 2009). Accounting for behavior then
requires the addition of yet more synergies, which
defeats the simplifying purpose for which they
were proposed in the first place (Soechting &
Lacquaniti, 1989). This problem can be overcome
by allowing synergies to be combined not just by
adjusting their weights but also by adjusting their
temporal phases (d'Avella, Fernandez, Portone, &
Lacquaniti, 2008; Safavynia & Ting, 2012). This
little addition adds a lot of complexity to the



26

Learning to Use Muscles

putative neural controller of any such synergies. It
also provides the experimenter with twice as
many free variables with which to account
statistically for behavioral data sets. Furthermore,
the synergies required to account for
perturbations must be added to the synergies that
account for the unperturbed behavior. As
described above, the addition of more behaviors
and more perturbations of those behaviors and a
tightening of the VAF (variance accounted for) all
lead inexorably to the need to extract yet more
synergies. It is unlikely that the final tally will be
less than the reductio ad absurdum suggested by
allowing both amplitude and phase to be
controllable: if each synergy consisted of the
recruitment of one muscle, then the number of
synergies required to account perfectly for any
and all possible EMG patterns must be equal to
the number of muscles.

For good-enough control, the motor
programs that are looked up and interpolated are
sensorimotor programs that automatically set the
gains of the circuits responsible for the reflex
responses because they are the same circuits that
generate the nominal, unperturbed behavior (Fig.
6). Descending commands are often described as
generating excitation of motor pools that happens
to be modulated by ongoing sensory feedback,
but the same commands can also be interpreted as
enabling selected reflex responses to that sensory
feedback. In order to learn commands that
anticipate perturbations requiring appropriate
reflexes (as seen in Fig. 7), the trial-and-error
learning of those motor programs must include a
representative set of the perturbations that might
occur. The huge increase in redundancy presented
by the numbers of command parameters required
to control the spinal interneurons offers many
good-enough solutions for the nominal task but
fewer that also enable good-enough handling of
those perturbations. Nevertheless, if good-enough
solutions can be found readily, it does not matter
that optimal feedback control solutions can neither
be found nor computed. Given the inevitable
noise and variability of biological data, it may not
even be possible to distinguish good-enough from
optimal. This presents a problem for experimental
falsification of either theory by psychophysical
data.

Noise, Variability and the Learning Curve
The psychophysical data already contain
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information that appears to falsify model-based
control. All model-based optimal control
strategies discussed above imply that what is
learned are changes and improvements to the
internal model(s) that must be stored in the brain,
rather than the motor programs that are thereby
computed analytically. That, in turn, implies that
motor performance should improve gradually as
the model is refined and that residual variability
of an over-learned task should reflect simple,
stochastic, computational noise. Neither appears
to be true.

Data from experiments that require learning
a new skill are usually summarized in learning
curves that show gradual improvements in
performance. Those learning curves are usually
constructed from averaged performance during
long training sessions or running averages over
many trials. This obscures the much larger trial-
to-trial variability that is better described as a
random walk (Gallistel, Fairhurst, & Balsam,
2004) and which is familiar to anyone trying to
acquire a new skill. During acquisition or
optimization of difficult skills, even running
averages from day to day may show large
deviations from steady improvement (e.g. Fig. 2).

Importantly, a random walk through a local
cost function does not look like simple noise
because the next output depends on the cost
analysis of the previous output (the Read-Write
loop in Fig. 9). The fluctuations in force generated
during a simple, isometric force task have been
attributed to “motor noise” in the stochastic firing
patterns of motor units (Jones, Hamilton, &
Wolpert, 2002). These fluctuations generally
demonstrate  constant  variance (standard
deviation as a percentage of mean force) but a
careful examination of the force variability in the
frequency domain reveals features incompatible
with motor noise (Slitkin & Newell, 1999).
Furthermore, detailed models of motor unit
recruitment and force generation reveal that
constant variance would not result from the
physiology of motor unit recruitment, force
generation and summation in muscles with elastic
tendons (Nagamori, Laine, Loeb, & Valero-
Cuevas, 2021). Even at the largely subconscious
level of moment-to-moment corrections during a
task, the nervous system seems always to be
searching actively for improved performance. In
the oculomotor system, the rate of adaptation to a
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change in the plant seems to be driven by such
inherent trial-to-trial variability (Albert, Catz,
Thier, & Kording, 2012), whereby the new cost of
each trial drives the iterative process of
adaptation, exactly as suggested above.

Distributed Control

In order to make use of the simplifying
assumption of synergies or the analytical solution
of optimal control, a single master controller is
required to select and modulate the synergies or
to compute the optimal commands to everything.
This ignores the most basic anatomical facts about
efferent pathways as grasped by Bernstein in 1935
(Figure 11): there are multiple controllers
operating simultaneously on the same plant.

Bernstein assumed additive control at the
spinal motoneuron as postulated by Sherrington’s
final common path to the individual muscles (a-f
in Figure 11), but he had little to say about what
might be computed or controlled by the various
inputs to that pathway. For the good-enough
controller, the contributions of all other centers
are simply part of the plant that each center is
attempting to control. The addition of
intermediary  circuitry with computational
functions of its own provides a basis for
distributing sensorimotor control among the
various efferent pathways and combining their
results in a more useful way than a final common
path. Simultaneous neural activity consistent with
such integration has been recorded in motor
cortex, pontomedullary reticular formation and
spinal interneurons of non-human primates
performing a finger dexterity task (Soteropoulos
& Baker, 2020; Soteropoulos, Williams, & Baker,
2012).

From the perspective of one of the efferent
pathways in Figure 11, for example the pyramidal
tract from sensorimotor cortex, the other efferent
pathways are invisible. If the outputs from the
other pathways are deterministic, their effects
look to the sensorimotor cortex like just another
dynamic aspect of the plant through which it
expresses its own commands. The job of
sensorimotor cortex is to learn what outputs to the
rest of the nervous system result in the desired
sensory feedback (see Fig. 9). Such a
computational function accommodates another
inconvenient anatomical fact that is frequently
overlooked: many of the efferent pathways
project to other efferent pathways as well as to the
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integrative circuits of the spinal cord. For
example, the sensorimotor cortex and the tectum
project directly to the red nucleus, the vestibular
nuclei and the pontomedullary reticular
formation as well as to spinal cord. This means
that the set of primitives that are controlled by
any one efferent source includes all circuits to
which it projects, which beggars the simplicity
implied by calling them primitives (Giszter, 1992).

While the contributions of the various
efferent centers of the brain may be deterministic,
they are probably not static. Many centers appear
to employ their own learning algorithms and/or
reflect dynamic control by the cerebellum. The
primate cerebellum contains over 50% of the
neurons in the brain (Shepherd, 2004). It uses its
own adaptive control rules to learn useful
adjustments of the primitives embodied in the
structures to which it projects directly (e.g.
vestibular nuclei) or indirectly (via deep cerebellar
nuclei). Direct cerebellospinal projections have
recently been identified as important for learning
coordinated limb movements (Sathyamurthy et
al., 2020). Simultaneous adaptive plasticity in
multiple controllers operating on the same plant
presents obvious challenges to stability from an
engineering perspective (Narendra, 2016), but
somehow biological systems evolved to
accommodate this robustly. This presents
neurophysiologists and theoreticians with a
challenge that needs to be investigated rather than
denied or ignored by simplistic models of a
singular cortical command center — the little man
sitting in the control center of the brain.
Cortical Encoding

We should not expect the activity that can be
recorded in any of the efferent pathways to align
with the sorts of simple physical parameters used
by engineers and physiologists to describe
behavior. Neurophysiologists have identified
correlations between motor cortical activity and
parameters such as end-point force (Evarts, 1968),
end-point velocity (Georgopoulos, Schwartz, &
Kettner, 1986), and activation of individual
muscles or groups of muscles that might reflect
control of synergies (Todorov, 2000). This has led
to claims that such canonical physical parameters
represent the coordinate frame for commands
computed by the motor cortex. As Bernstein
pointed out, however, the muscles, bones and
joints that constitute the musculoskeletal system
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are mechanically linked to each other. Forces and
movements are not independent and neural
activity recorded in one center may reflect its own
efferent commands, efferent copy from other
command centers and/or sensory feedback of
forces or movements from the plant. It will always
be possible to find correlations between neural
activity in higher sensorimotor centers and almost
any measurements of performance (G. E. Loeb,
Brown, & Scott, 1996; Scott, 2000), but correlation
is not causation. This presents a problem for
experimental falsification of any theory of
sensorimotor control by an appeal to typical
neurophysiological data.

If a neural network learns a good-enough
program to perform a task involving sequential
recruitment of various muscles, what neural
activity would be observed during its execution?
Such a program would be essentially a learned
version of the primitive, preprogrammed strategy
of a central pattern generator (CPG). In a CPG, the
neural activity responsible for each phase of the
task drives the next phase; sensory feedback from
the ongoing movement can modulate a CPG but it
is not required for it to sequence through phases.
An observer would find that the neural activity at
any moment is best predicted by the neural
activity from the previous moment rather than
any aspect of the resulting behavior of the plant.
The engineering term for this is rotational
dynamics. Such activity has been found in
primate motor cortex and it is produced by
artificial neural networks trained to perform
similar tasks; for recent results and review see
(Kalidindi et al., 2020).

General Conclusions

We have now come full circle to a
fundamental difference between engineered
control systems and biological control systems.
For an engineered system with unlimited
bandwidth and negligible transmission delay, the
best control scheme is complete centralization, in
which one central controller receives and
integrates all sources of sensory information and
computes explicit commands to each actuator.
Schemes for biological control that are derived
from engineering control theory tend to start with
this assumption and then add constraints and
simplifying assumptions such as synergies and
local servocontrol to make the problem more
tractable computationally (G. E. Loeb, 1983). Real
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biological control evolved from and incorporated
highly distributed and remarkably effective
controllers such as those still found in
invertebrates such as cockroaches (Biischges,
2005) and octopuses (Godfrey-Smith, 2017); see
(Madhav & Cowan, 2020) for a recent review of
the implications of such differences for control
theory.

As animals became larger and more
mechanically complex, biological systems
gradually evolved to handle longer delays and
larger numbers of sensory and motor signals.
Those are the conditions for which engineered
systems begin to use hierarchical control (G. E.
Loeb, Brown, & Cheng, 1999), such as the fast,
local servocontrol loops that stabilize the behavior
of individual motors in robots. The existence of
spinal reflexes and the identification of circuits
that at first looked homologous to such
servocontrol provided support for the notion that
yet other engineering tools such as inverse
dynamic analysis, system identification of internal
models and optimal control might provide a
theoretical basis for the rest of the biological
control problem. In fact, the details of the circuits
that have been elucidated in spinal cord and the
many other distributed centers that contribute to
sensorimotor integration look nothing like
servocontrol. More modern engineering tools like
linear quadratic regulator design and optimal
feedback control make better predictions about
biological circuitry and performance, but they are
based on computational algorithms that are
unrealizable in biological development and
learning. Theories of biological control based on
currently  available control theory from
engineering are metaphors built on quicksand.

Successfully evolved humans and well-
engineered anthropomorphic machines can be
expected to exhibit similar behavior because it is a
requirement of their success. Engineering tools to
analyze that behavior can identify the nature of
the similar problems that must be solved by each
(as first applied by Bernstein) and an
understanding of why humans, computational
models and robots might arrive at behaviors that
appear to be similar. In order to understand how
biological systems learn to perform such
behaviors, we need computational models that
reflect biologically plausible mechanisms for
development and learning throughout the life of
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individual organisms, as well as their evolution in the first place. Such models and a theoretical
understanding of how they work remain elusive.

Acknowledgements

The author thanks many colleagues and collaborators for discussions of these ideas and comments on
the manuscript, particularly F. Valero-Cuevas, F.J. Richmond, T. Carroll, B. Corneil, R.A. Kozak, S.
Contemori, A. Cecala, G. Wallis, R. Divakar, J. Gordon and A. de Rugy.

References

Albert, M. V., Catz, N., Thier, P., & Kording, K. (2012). Saccadic gain adaptation is predicted by the statistics
of natural fluctuations in oculomotor function. Frontiers in Computational Neuroscience, 6.
doi:10.3389/fncom.2012.00096

Asatryan, D. G., & Feldman, A. G. (1965). Functional tuning of the nervous system with control of movement
or maintenance of posture. I. Mechanographic analysis of the work of the joint on execution of a
postural task. Biofizika, 10, 925-935.

Athans, M., & Falb, P. L. (1966). Optimal control. New York: McGraw Hill.

Barradas, V. R., Kutch, J. J., Kawase, T., Koike, Y., & Schweighofer, N. (2020). When 90% of the variance is
not enough: residual EMG from muscle synergy extraction influences task performance. Journal of
Neurophysiology, 123, 2180-2190. d0i:10.1152/jn.00472.2019

Bernstein, N. A. (1967). Human Motor Actions: Bernstein Reassessed (Translation, edited by Whiting, H.T.A.):
Elsevier.

Bizzi, E., Hogan, N., Mussa-1Ivaldi, F., & Giszter, S. (1992). Does the nervous system use equilibrium-point control
to guide single and multiple join movements? Behavioral and Brains Sciences, 15, 603-613.

Bosch-Bouju, C., Hyland, B. I, & Parr-Brownlie, L. C. (2013). Motor thalamus integration of cortical,
cerebellar and basal ganglia information: implications for normal and parkinsonian conditions. Front
Comput Neurosci, 7, 163. d0i:10.3389/fncom.2013.00163

Brown, I. E., & Loeb, G. E. (2000). A reductionist approach to creating and using neuromusculoskeletal
models. In J. Winters & P. Crago (Eds.), Neuro-Control of Posture and Movement (pp. 148-163). New
York: Springer-Verlag.

Biischges, A. (2005). Sensory Control and Organization of Neural Networks Mediating Coordination of
Multisegmental Organs for Locomotion. Journal of Neurophysiology, 93, 1127-1135.

Caligiore, D., Ferrauto, T., Parisi, D., Accornero, N., Capozza, M., & Baldassarre, G. (2008). Using motor
babbling and hebb rules for modeling the development of reaching with obstacles and grasping. Paper
presented at the International Conference on Cognitive Systems, Vol. 13, (pp. 22-23).

Chanaud, C. M., Pratt, C. A., & Loeb, G. E. (1991). Functionally complex muscles of the cat hindlimb. V. The
roles of histochemical fiber-type regionalization and mechanical heterogeneity in differential muscle
activation. Exp.Brain Res., 85, 300-313.

Cheng, E. ]., & Loeb, G. E. (2008). On the use of musculoskeletal models to interpret motor control strategies
from performance data. | Neural Eng, 5, 232-253.

Cohn, B. A., Szedlak, M., Gértner, B., & Valero-Cuevas, F. J. (2018). Feasibility theory reconciles and informs
alternative approaches to neuromuscular control. Frontiers in Computational Neuroscience, 12, 62.

d'Avella, A., Fernandez, L., Portone, A., & Lacquaniti, F. (2008). Modulation of Phasic and Tonic Muscle
Synergies With Reaching Direction and Speed. Journal of Neurophysiology, 100, 1433-1454.
doi:10.1152/jn.01377.2007

D'elia, A., Pighetti, M., Moccia, G., & Santangelo, N. (2001). Spontaneous motor activity in normal fetuses.
Early Human Development, 65, 139-147.

de Rugy, A., Loeb, G., & Carroll, T. (2013). Are muscle synergies useful for neural control ? Frontiers in
Computational Neuroscience, 7. doi:10.3389/fncom.2013.00019

© Editorial Committee of Journal of Human Kinetics



30 Learning to Use Muscles

de Rugy, A., Loeb, G. E., & Carroll, T. J. (2012). Muscle coordination is habitual rather than optimal. |
Neurosci, 32, 7384-7391.

Diamond, I. T. (1979). The subdivisions of neocortex: A proposal to revise the traditional view of sensory,
motor, and association areas. Progress in Psychobiology and Physiological Psychology, 8, 1-43.

Ebied, A., Kinney-Lang, E., Spyrou, L., & Escudero, J. (2018). Evaluation of matrix factorisation approaches
for muscle synergy  extraction. Medical  Engineering &  Physics, 57,  51-60.
doi:10.1016/j.medengphy.2018.04.003

Eccles, R. M., & Lundberg, A. (1958). Integrative pattern of Ia synaptic actions on motoneurones of hip and
knee muscles. Journal of Physiology, 144, 271-298.

Eccles, R. M., & Lundberg, A. (1959). Supraspinal control of interneurones mediating spinal reflexes. Journal
of Physiology, 147, 565-584.

Enander, J. M. D,, Jones, A. M., Kirkland, M., Hurless, J., Jorntell, H., & Loeb, G. E. (2019). A model for self-
organizing spinal cord circuitry through learning. Paper presented at the Society for Neuroscience
Annual Meeting, Chicago, IL.

Evarts, E. V. (1968). Relation of pyramidal tract activity to force exerted during voluntary movement. Journal
of Neurophysiology, 31, 14-27.

Feldman, A. G, & Levin, M. F. (1995). The origin and use of positional frames of reference in motor control.
Behavioral and Brain Sciences, 18, 723-806.

Forestier, S., Mollard, Y., & Oudeyer, P.-Y. (2017). Intrinsically motivated goal exploration processes with
automatic curriculum learning. arXiv preprint arXiv:1708.02190.

Gallistel, C. R., Fairhurst, S., & Balsam, P. (2004). The learning curve: Implications of a quantitative analysis.
PNAS, 101, 13124-13131.

Georgopoulos, A. P., Schwartz, A. B., & Kettner, R. E. (1986). Neuronal population coding of movement
direction. Science, 233, 1416-1419.

Girard, B., & Berthoz, A. (2005). From brainstem to cortex: Computational models of saccade generation
circuitry. 77, 215-251. doi:10.1016/j.pneurobio.2005.11.001

Giszter, S. (1992). Spinal Movement Primitives and Motor Programs - A Necessary Concept for Motor
Control. Behavioral and Brain Sciences, 15, 744-745.

Godfrey-Smith, P. (2017). The mind of an octopus. Scientific American Mind, 1.

He, J., Levine, W. S., & Loeb, G. E. (1991). Feedback gains for correcting small perturbations to standing
posture. IEEE Transactions on Automatic Control, 36, 322-332.

Hinton, G. (1984). Chapter IVb Some Computational Solutions to Bernstein's Problems. In Advances in
Psychology (Vol. 17, pp. 429-458): Elsevier.

Hogan, N. (1984a). Adaptive control of mechanical impedance by coactivation of antagonist muscles. IEEE
Transactions on Automatic Control, 29, 681-690.

Hogan, N. (1984b). An organising principle for a class of voluntary movements. Journal of Neuroscience, 4,
2745-2754.

Houk, J. C. (1979). Regulation of stiffness by skeletomotor reflexes. Annual Review of Physiology, 41, 99-114.

Jankowska, E. (2013). Spinal interneurons. In D. W. Pfaft (Ed.), Neuroscience in the 21st century (Vol. 1).
doi:10.1007/978-1-4614-1997-6_34

Jankowska, E., & McCrea, D. A. (1983). Shared reflex pathways from Ib tendon organ afferents and Ia muscle
spindle afferents in the cat. Journal of Physiology, 338, 99-111.

Johansson, R., Robertsson, A., Nilsson, K., & Verhaegen, M. (2000). State-space system identification of robot
manipulator dynamics. 10, 403-418. doi:10.1016/s0957-4158(99)00049-5

Jones, K. E., Hamilton, A. F. d., & Wolpert, D. M. (2002). Sources of signal-dependent noise during isometric
force production. Journal of Neurophysiology, 88, 1533-1544. doi:10.1152/jn.00985.2001

Kalidindi, H.T., Cross, K.P., Lillicrap, T.P., Omrani, M., Falotico, E., Sabes, P.N. & Scott, 5.G. (2020).
Rotational dynamics in motor cortex are consistent with a feedback controller. bioRxiv,
doi:10.1101/2020.11.17.387043

Kawato, M. (1999). Internal models for motor control and trajectory planning. Curr.Opin.Neurobiol., 9, 718-
727.

Kawato, M., & Gomi, H. (1992). The cerebellum and VOR/OKR learning models. Trends in Neurosciences, 15,
445-453.

Journal of Human Kinetics - volume 76/2021 http://www.johk.pl




by Gerald E Loeb 31

Kiehn, O., & Tresch, M. C. (2002). Gap junctions and motor behavior. Trends in Neurosciences, 25, 108-115.

Koppel, L., Shih, Y.-P., & Coughanowr, D. (1968). Optimal feedback control of a class of distributed-
parameter systems with space-independent controls. Industrial & Engineering Chemistry
Fundamentals, 7, 286-295.

Koziol, L. F., Budding, D., Andreasen, N., D’ Arrigo, S., Bulgheroni, S., Imamizu, H., . . . Parker, K. (2014).
Consensus paper: the cerebellum's role in movement and cognition. The Cerebellum, 13, 151-177.

Lee, M. H. (2011). Intrinsic activitity: from motor babbling to play. Paper presented at the 2011 IEEE
International Conference on Development and Learning (ICDL).

Liu, D., & Todorov, E. (2007). Evidence for the flexible sensorimotor strategies predicted by optimal feedback
control. Journal of Neuroscience, 27, 9354-9368.

Loeb, G. E. (1983). Finding common ground between robotics and physiology. Trends in Neurosciences, 6, 203-
204.

Loeb, G. E. (1985). Motoneuron task groups - coping with kinematic heterogeneity. Journal of Experimental
Biology, 115, 137-146.

Loeb, G. E. (1993). The distal hindlimb musculature of the cat: interanimal variability of locomotor activity
and cutaneous reflexes. Exp.Brain Res., 96, 125-140.

Loeb, G. E. (1999). Asymmetry of hindlimb muscle activity and cutaneous reflexes after tendon transfers in
kittens [In Process Citation]. J.Neurophysiol., 82, 3392-3405.

Loeb, G. E. (2000). Overcomplete Musculature or underspecified Tasks? Motor Control, 4, 81-83.

Loeb, G. E. (2012). Optimal isn’t good enough. Biological Cybernetics, 106, 757-765. doi:10.1007/s00422-012-
0514-6

Loeb, G. E.,, Brown, I. E., & Cheng, E. J. (1999). A hierarchical foundation for models of sensorimotor control.
Exp.Brain Res., 126, 1-18.

Loeb, G. E., Brown, I. E., & Scott, S. H. (1996). Directional motor control. Trends in Neurosciences, 19, 137-138.

Loeb, G. E., & Fishel, J. A. (2014). Bayesian Action&Perception: Representing the World in the Brain. Frontiers
in Neuroscience, 8, 341.

Loeb, G. E., & Gans, C. (1986). Electromyography for Experimentalists. Chicago: University of Chicago Press.

Loeb, G. E., Levine, W. S., & He, J. (1990). Understanding sensorimotor feedback through optimal control.
Cold Spring Harbor Symposia on Quantitative Biology, 55, 791-803.

Lubh, J. Y., Walker, M. W., & Paul, R. P. (1980). On-line computational scheme for mechanical manipulators. J.
Dyn. Sys., Meas., Control, 102, 69-76.

MacKinnon, C. D., Verrier, M. C., & Tatton, W. G. (2000). Motor cortical potentials precede long-latency
EMG activity evoked by imposed displacements of the human wrist. Experimental Brain Research,
131, 477-490.

Madhav, M. S., & Cowan, N. J. (2020). The synergy between neuroscience and control theory: the nervous
system as inspiration for hard control challenges. Annual Review of Control, Robotics, and Autonomous
Systems, 3, 243-267.

Manto, M., Schmahmann, J. D., Rossi, F., Gruol, D. L., Koibuchi, N., Blazquez, P. M., & Pastor, A. M. (2013).
Cerebellar Control of Eye Movements. Handbook of the Cerebellum and Cerebellar Disorders, 1155-1173.
doi:10.1007/978-94-007-1333-8_49

Marsden, C. D., Merton, P. A., & Morton, H. B. (1976). Stretch reflex and servo action in a variety of human
muscles. Journal of Physiology (London), 259, 531-560.

Merton, P. A. (1953). Speculations on the servo-control of movement. In G. E. W. Wolstenholme (Ed.), The
spinal cord (pp. 247-255). London: Churchill.

Nagamori, A., Laine, C. M., Loeb, G. E., & Valero-Cuevas, F. J. (2021). Force variability is mostly not motor
noise: Theoretical implications for motor control. PLoS Comput Biol, in press.

Nakajima, M., & Halassa, M. M. (2017). Thalamic control of functional cortical connectivity. Current Opinion
in Neurobiology, 44, 127-131.

Narendra, K. (2016). Hierarchical adaptive control of rapidly time-varying systems using multiple models. In
Control of Complex Systems (pp. 33-66): Elsevier.

Nazarpour, K., Barnard, A., & Jackson, A. (2012). Flexible Cortical Control of Task-Specific Muscle Synergies.
The Journal of Neuroscience, 32, 12349-12360. doi:10.1523/jneurosci.5481-11.2012

Neptune, R. R, Clark, D. ], & Kautz, S. A. (2009). Modular control of human walking: a simulation study.

© Editorial Committee of Journal of Human Kinetics



32 Learning to Use Muscles

Journal of Biomechanics, 42, 1282-1287.

Partridge, L. D. (1982). The good enough calculi of evolving control systems: evolution is not engineering.
American Journal of Physiology, 242, R173-R177.

Piek, J. P. (2006). Infant motor development (Vol. 10): Human Kinetics.

Pierrot-Deseilligny, E., & Burke, D. C. (2005) The Circuitry of the Human Spinal Cord: Its Role in Motor Control
and Movement Disorders. Cambridge University Press.

Pruszynski, J. A., & Scott, S. H. (2012). Optimal feedback control and the long-latency stretch response.
Experimental Brain Research, 218, 341-359.

Raphael, G., Tsianos, G. A., & Loeb, G. E. (2010). Spinal-Like Regulator Facilitates Control of aTwo-Degree-
of-Freedom Wrist. The Journal of Neuroscience, 30, 9431-9444.

Rathelot, J. A., & Strick, P. L. (2009). Subdivisions of primary motor cortex based on cortico-motoneuronal
cells. PNAS, 106, 918-923.

Richmond, F. J., Singh, K., & Corneil, B. D. (2001). Neck muscles in the rhesus monkey. I. Muscle
morphometry and histochemistry. Journal of Neurophysiology, 86, 1717-1728.
Safavynia, S. A., & Ting, L. H. (2012). Task-level feedback can explain temporal recruitment of spatially fixed
muscle synergies throughout postural perturbations. Journal of Neurophysiology, 107, 159-177.
Sathyamurthy, A., Barik, A., Dobrott, C. I, Matson, K. J. E., Stoica, S., Pursley, R,, . . . Levine, A. ]. (2020).
Cerebellospinal Neurons Regulate Motor Performance and Motor Learning. Cell reports, 31, 107595.
doi:10.1016/j.celrep.2020.107595

Saul, K. R., Hu, X., Goehler, C. M., Vidt, M. E., Daly, M., Velisar, A., & Murray, W. M. (2015). Benchmarking
of dynamic simulation predictions in two software platforms using an upper limb musculoskeletal
model. Computer Methods in Biomechanics and Biomedical ~Engineering, 18, 1445-1458.
doi:10.1080/10255842.2014.916698

Scott, S. H. (2000). Population vectors and motor cortex: neural coding or epiphenomenon? Nat.Neurosci., 3,
307-308.

Scott, S. H. (2004). Optimal feedback control and the neural basis of volitional motor control.
Nat.Rev.Neurosci., 5, 532-546. Retrieved from PM:15208695

Scott, S. H., & Loeb, G. E. (1993). The computation of position-sense from mono- and multiarticular muscle
spindles. Journal of Neuroscience, 14, 7529-7540.

Selen, L. P., Franklin, D. W., & Wolpert, D. M. (2009). Impedance control reduces instability that arises from
motor noise. Journal of Neuroscience, 29, 12606-12616.

Selen, L. P. J., Beek, P. J.,, & van Dieen, J. H. (2005). Can co-activation reduce kinematic variability? A
simulation study. Biological Cybernetics, 93, 373-381.

Shadmehr, R., & Krakauer, ]J. W. (2008). A computational neuroanatomy for motor control. Exp.Brain Res.,
185, 359-381.

Shepherd, G. M. (2004). The synaptic organization of the brain: Oxford University Press.

Sherrington, C. S. (1906). The integrative action of the nervous system. New Haven, London: Yale University
Press.

Shik, M., Orlovskii, G., & Severin, F. (1966). Organization of locomotor synergism. Biofizika, 11, 879.

Shik, M. L., & Orlovsky, G. N. (1976). Neurophysiology of locomotor automatism. Physiological Reviews, 56,
465-501.

Slitkin, A. B., & Newell, K. M. (1999). Noise, information transmission, and force variability. Journal of
Experimental Psychology: Human Perception and Performance, 25, 837.

Soechting, J., & Lacquaniti, F. (1989). An assessment of the existence of muscle synergies during load
perturbations and intentional movements of the human arm. Experimental Brain Research, 74, 535-548.

Soteropoulos, D. S., & Baker, S. N. (2020). Long-latency Responses to a Mechanical Perturbation of the Index
Finger Have a Spinal Component. Journal of Neuroscience, 40, 3933-3948.

Soteropoulos, D. S., Williams, E. R., & Baker, S. N. (2012). Cells in the monkey ponto-medullary reticular
formation modulate their activity with slow finger movements. The Journal of Physiology, 590, 4011-
4027.

Subramanian, D., Alers, A., & Sommer, M. A. (2019). Corollary discharge for action and cognition. Biological
Psychiatry: Cognitive Neuroscience and Neuroimaging 4, 782-790.

Suster, M. L., & Bate, M. (2002). Embryonic assembly of a central pattern generator without sensory input.

Journal of Human Kinetics - volume 76/2021 http://www.johk.pl




by Gerald E Loeb 33

Nature, 416, 174-178.

Todorov, E. (2000). Direct cortical control of muscle activation in voluntary arm movements: a model. Nature
Neuroscience, 3, 391-398.

Todorov, E., & Jordan, M. 1. (2002). Optimal feedback control as a theory of motor coordination. Nature
Neuroscience, 5, 1226-1235.

Tsianos, G. A., Goodner, J., & Loeb, G. E. (2014). Useful properties of spinal circuits for learning and
performing planar reaches. Journal of neural engineering, 11, 056006.

Tsianos, G. A., & Loeb, G. E. (2017). Muscle and limb mechanics. Comprehensive Physiology, 7, 429-462.
doi:10.1002/cphy.c160009

Tsianos, G. A., Raphael, G., & Loeb, G. E. (2011). Modeling the potentiality of spinal-like circuitry for
stabilization of a planar arm system. Prog Brain Res, 194, 203-213.

Tsianos, G. A., Rustin, C., & Loeb, G. E. (2012). Mammalian muscle model for predicting force and energetics
during physiological behaviors. IEEE Trans Neural Syst Rehabil Eng, 20, 117-133.

Valero-Cuevas, F. . (2016). Fundamentals of neuromechanics: Springer.

Valero-Cuevas, F. ], Venkadesan, M., & Todorov, E. (2009). Structured Variability of Muscle Activations
Supports the Minimal Intervention Principle of Motor Control. | Neurophysiol, 102, 59-68.
doi:10.1152/jn.90324.2008

Valero-Cuevas, F. J., Zajac, F. E., & Burgar, C. G. (1998). Large index-fingertip forces are produced by subject-
independent patterns of muscle excitation. Journal of Biomechanics, 31, 693-703.

Vliegen, J., Van Grootel, T. J., & Van Opstal, A. J. (2005). Gaze orienting in dynamic visual double steps.
Journal of Neurophysiology, 94, 4300-4313.

Von Euler, C. (1983). On the central pattern generator for the basic breathing rhythmicity. Journal of Applied
Physiology, 55, 1647-1659.

Weiler, J., Gribble, P. L., & Pruszynski, J. A. (2019). Spinal stretch reflexes support efficient hand control.
Nature Neuroscience, 22, 529-533. d0i:10.1038/s41593-019-0336-0

Whiting, H. T. A. (1984). Human motor actions: Bernstein reassessed: Elsevier.

Windhorst, U. (1979). A possible partitioning of segmental muscle stretch reflex into incompletely de-
coupled parallel loops. Biological Cybernetics, 34, 205-213.

Windhorst, U.,, Hamm, T. M., & Stuart, D. G. (1989). On the function of muscle and reflex partitioning.
Behavioral and Brain Sciences, 12, 629-681.

Wolpert, D. M., Miall, R. C., & Kawato, M. (1998). Internal models in the cerebellum. Trends in Cognitive
Sciences, 2, 338-347.

Corresponding author:

Gerald E Loeb, M.D.

Viterbi School of Engineering,

University of Southern California, MC 1111
1042 Downey Way,

Los Angeles, CA 90089 USA

E-mail: gloeb@usc.edu,

© Editorial Committee of Journal of Human Kinetics




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.5
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 2.00000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 2.00000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org?)
  /PDFXTrapped /False

  /CreateJDFFile false
  /SyntheticBoldness 1.000000
  /Description <<
    /POL (Versita Adobe Distiller Settings for Adobe Acrobat v6)
    /ENU (Versita Adobe Distiller Settings for Adobe Acrobat v6)
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [2834.646 2834.646]
>> setpagedevice


