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Abstract The notion that biological systems come to
embody optimal solutions seems consistent with the com-
petitive drive of evolution. It has been used to interpret many
examples of sensorimotor behavior. It is attractive from the
viewpoint of control engineers because it solves the redun-
dancy problem by identifying the one optimal motor strategy
out of many similarly acceptable possibilities. This perspec-
tive examines whether there is sufficient basis to apply the
formal engineering tools of optimal control to a reduction-
ist understanding of biological systems. For an experimental
biologist, this translates into whether the theory of opti-
mal control generates nontrivial and testable hypotheses that
accurately predict novel phenomena, ideally at deeper levels
of structure than the observable behavior. The methodology
of optimal control is applicable when there is (i) a single,
known cost function to be optimized, (ii) an invertible model
of the plant, and (iii) simple noise interfering with optimal
performance. None of these is likely to be true for biological
organisms. Furthermore, their motivation is usually good-
enough rather than globally optimal behavior. Even then, the
performance of a biological organism is often much farther
from optimal than the physical limits of its hardware because
the brain is continuously testing the acceptable limits of per-
formance as well as just performing the task. This perspec-
tive considers an alternative strategy called “good-enough”
control, in which the organism uses trial-and-error learning
to acquire a repertoire of sensorimotor behaviors that are
known to be useful, but not necessarily optimal. This leads
to a diversity of solutions that tends to confer robustness on
the individual organism and its evolution. It is also more con-
sistent with the capabilities of higher sensorimotor structures,
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such as cerebral cortex, which seems to be designed to clas-
sify and recall complex sets of information, thereby allowing
the organism to learn from experience, rather than to com-
pute new strategies online. Optimal control has been a use-
ful metaphor for understanding some superficial aspects of
motor psychophysics. Reductionists who want to understand
the underlying neural mechanisms need to move on.

Keywords Sensorimotor · Optimal control · Spinal cord ·
Internal model · Motor learning · Feedback · Cost ·
Motor noise

1 Perspective

The notion that biological systems come to embody opti-
mal solutions seems consistent with the competitive drive of
evolution. It has been used to interpret many examples of
sensorimotor behavior. This perspective examines whether
there is sufficient basis to apply the formal engineering tools
of optimal control to a reductionist understanding of biolog-
ical systems. For an experimental biologist, this translates
into whether the theory of optimal control generates non-
trivial and testable hypotheses that accurately predict novel
phenomena, ideally at deeper levels of structure than the
observable behavior.

David Marr identified three levels of analysis for an infor-
mation processing system (Marr 1982). At the top is a the-
ory of computation—the problem to be solved. We must ask
what exactly is being optimized and how important it is for
the organism to find optimal solutions to sensorimotor con-
trol problems. Next is the algorithmic representation of the
solution—the computational transformations and procedures
that the organism employs to solve that problem. The biolog-
ical equivalent of the engineering tools for finding optimal
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solutions generally require internal models of the plant, exis-
tence of which is often assumed in or inferred from the inter-
pretation of psychophysical data. At the lowest level is the
physical system that performs the computations required by
the algorithms—the hardware and software of computers or
brains. In contrast with a theoretical or engineered system,
the biological nervous system has constraints on its design,
which arise from the phylogenic evolution of its hardware
(neurons) and the ontogenic development of its software
(memories). Unless optimal control can succeed on all three
levels, it is not a viable theory.

2 History

The interest of neuroscientists in optimal control can be
traced to the problem of redundancy posed by the pioneer-
ing (and long overlooked) biomechanical studies of Nikolai
Bernstein (1967) (English translation of 1934 publication
in Russian). The musculoskeletal system exhibits both kine-
matic and kinetic redundancy when asked to perform a simple
task such as moving the hand through a specified trajectory
in space. There are more joints in the limb than necessary to
follow the trajectory, and so the segmental posture is unspec-
ified (kinematic redundancy). There are more muscles than
required to generate the net joint torques required to achieve
any given state of limb motion (kinetic redundancy). So how
does the brain decide what postures and which muscles to
use? Bernstein proposed that the nervous system does not
have independent access to all the degrees of freedom in the
plant, and instead is limited to certain synergies. This would
seem to foreclose valuable solutions to more complex prob-
lems such as producing a particular mechanical impedance
to resist perturbations while moving along a trajectory (Osu
and Gomi 1999). Instead of invoking synergies, engineers
solve such problems by adding the constraint that the solution
must minimize some cost function. Biologists have devel-
oped optimal solutions for the redundancy problem based on
minimizing total angular excursion of joints (Pellionisz and
Peterson 1998), minimizing total muscle force, joint stress,
or other kinetic costs (Pedotti et al. 1978; Crowninshield
and Brand 1981; Buchanan and Shreeve 1996; Raikova et al.
2005), or maximizing performance (Pandy et al. 1990, 1992;
Anderson and Pandy 1999). If the mechanics of the musculo-
skeletal plant can be described as an invertible mathematical
model, then it is possible to compute such optimal solutions
directly using the Moore–Penrose pseudo-inverse or alge-
braic Ricatti equations.

3 What are the goals of sensorimotor control?

Any attempt to improve performance (whether to make it
optimal or simply better) begs a quantitative definition of

quality of performance. The optimal solutions to biologi-
cal problems cited above were all based on a simple cost
function that was intuited, based on what the investigator
guessed was important to the organism and limited by the
state variables available in the model of the system to be
optimized. For example, energy consumption seems likely
to be more important than muscle force, but only recently
has there been an accurate energetics model for biological
muscles under dynamic conditions (Tsianos et al. 2012).
Furthermore, biological systems are likely to have multiple
competing goals (e.g., speed, accuracy, and effort), relative
importance of which is itself learned and task dependent.
Given a sufficiently rich body of performance data, it is pos-
sible to solve an inverse problem to identify the cost function
that is being optimized. This can be done by comparing pre-
dicted to observed behavior for various weightings of terms
in the cost function, either informally (He et al. 1991) or for-
mally (Terekhov and Zatsiorsky 2011). The problem rapidly
becomes intractable, however, if more than two types of cost
must be weighted differentially (e.g., position, impedance,
and effort). It may be possible to user higher-order goals of
the organism to lump some of these cost terms into a uni-
fying principle such as “free-energy minimization” (Friston
2010), but implementing this cost for real behavior generally
requires many implicit assumptions.

3.1 Optimal control: globally minimized cost

The word “optimal” actually originated in evolutionary biol-
ogy to mean “most favorable” (Harper 2010). It now has a
very specific but closely related meaning that is essential to
engineering concepts and mathematical tools. It is a superla-
tive, referring exclusively to the one state that is better than
all others as formally defined by a quantitative cost func-
tion. As noted above, these optimal control methods have
been applied to biological systems because they eliminate
the redundancy problem, providing a unique solution to any
problem. As noted below, computing optimal solutions is
extremely difficult, currently impossible for most systems
containing nonlinear elements and for dynamically chang-
ing cost functions.

3.2 Good-enough control: locally defined utility

Any adaptive control system will tend gradually toward a
locally stable state if one exists, but there is no guarantee
that this state is globally optimal. The actual state that will
be reached depends on the starting state and nature of the
system. Consider a hyperspace with many independent vari-
ables representing the control inputs to the system. The cost
of any point in this hyperspace can be computed as a func-
tion of the state variables of the system. For a sufficiently
complex system, the hypersurface of this cost function will
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Fig. 1 A hierarchical system that behaves as if it used internal models
to compute optimal control but does not. The controller at the left learns
by trial-and-error and saves useful programs that it can recall when
faced with a similar task, giving the appearance that it possesses and
uses an internal inverse model of the musculoskeletal system to com-
pute motor programs online. The programs from the controller operate
on a lower-level regulator that mixes them with concurrent somatosen-
sory feedback from the musculoskeletal system. These sensory signals

plus efference copies of inputs and internal states of the regulator are
compared with the preferred feedback associated with the task, provid-
ing a teacher for the controller. It also results in short-latency and even
negative-latency error signals that trigger corrective movements before
a motor error appears in the kinematics, giving the appearance that the
controller possesses an internal forward model of the musculoskeletal
system

have many peaks and valleys. If the state equations are not
invertible, then there is no way to determine whether any local
valley represents the global minimum cost in the hyperspace,
short of exhaustively computing all possible states. Various
formal strategies for systematic exploration of such hyper-
spaces have been developed to maximize the probability of
discovering the global minimum (or one sufficiently close
to it) in the shortest possible time (Gill et al. 1982; Lagarias
et al. 1998; Boyd and Vandenberghe 2004; Venkataraman
2009; Yuan et al. 2010). Such strategies entail their own costs,
such as the time required to find an acceptable solution and
the number of intermediate results that must be stored and
reviewed to guide the next step of the exploration. The explo-
ration strategy that is most effective thus depends on both the
shape of the hyperspace as well as the goals, strengths, and
weaknesses of the controller exploring the space.

In the remainder of this article, we will consider good-
enough control as an alternative to optimal control. The
general notion is that most biological organisms (unlike an
engineer or an Olympic athlete) do not care about finding
globally optimal solutions to problems; instead they are moti-
vated by how quickly they can find any solution that is good
enough to obtain a reward or escape a punishment. This utili-
tarian goal has important implications for the algorithms that
might be employed to explore the hyperspace (see below). If
the goal really is optimal control, then one would prefer to
keep the number of dimensions (free variables to be explored)
as low as possible. This sort of thinking led Bernstein to pro-
pose that the lower levels of the nervous system introduced

constraints (i.e., fixed synergies or primitives) to simplify the
control problem faced by the higher level controllers. If one
is looking only for good-enough rather than optimal solu-
tions, however, then the addition of more dimensions may be
useful if they increase the density of such good-enough local
minima in the hyperspace. If there are lots of good-enough
local minima in all parts of the hyperspace, then any learning
algorithm will be more likely to find one of them quickly
regardless of where it starts in the hyperspace.

4 What is the algorithm for sensorimotor learning?

4.1 Good-enough control: trial-and-error learning
of a repertoire

The motivation for good-enough control comes from models
of the musculoskeletal system plus spinal cord (see Fig. 1).
The spinal cord consists of several types of well-described
interneurons that mix various sources of somatosensory sig-
nals to provide feedback from the plant to the motoneurons
(Pierrot-Deseilligny and Burke 2005). The effective gains of
these multi-input–multi-output elements are set by descend-
ing control from the brain, suggesting the term “spinal-like
regulator” for the computational model. The spinal cord is
the phylogenetically oldest part of the vertebrate sensorimo-
tor nervous system. Its connectivity is largely determined
genetically during embryological development rather than
resulting from behavioral experience and learning. Thus, it
is appropriate to consider it as a part of the plant that the
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higher level systems in the brain must learn to control. The
spinal-like regulator presents a much larger number of non-
linear elements to be controlled than the individual muscles,
immediately compounding the problems of redundancy and
invertibility. For a two-dimensional (2D) model of the wrist
with four muscles, there were about 200 elements to be con-
trolled (Raphael et al. 2010); for a 2D model of the coplanar
elbow and shoulder with six muscles, there were about 400
such elements (Tsianos et al. 2011). Surprisingly, extremely
simple trial-and-error learning tended to find good-enough
solutions even for complex sensorimotor problems such as
rapid movements in a viscous curl field (Raphael et al. 2010).
The hyperspace appeared to have many good-enough solu-
tions scattered throughout and discovered easily. As dis-
cussed later, an organism could accumulate a repertoire of
such learned movements, thereby reducing most new tasks
to the process of looking up the closest, previously learned
task(s) and performing some minor interpolations and refine-
ments (Loeb 1983).

4.2 Optimal control: computation from an internal model

All of the computational methods for guaranteeing a glob-
ally optimal solution (short of exhaustive exploration of all
possible states) require an inverse model of the plant to be
controlled [but see (Li et al. 2012) for an approximately opti-
mal nonlinear controller for locally linear conditions]. It is
difficult enough to come up with an accurate forward model
of a biological neuromusculoskeletal system and impossible
to invert such models without making gross simplifications,
usually involving linearity. Valero-Cuevas and colleagues
reviewed the application of optimal control methods to mus-
culoskeletal systems and pointed out how uncertainties in
these models would likely lead to instability (Valero-Cuevas
et al. 2009).

If one assumes that the only escape from the redundancy
problem is optimal control, then one is forced to postulate a
deus ex machina—the nervous system somehow learns such
an inverse model as a result of many years of practice (Kawato
1999), the equivalent of system identification. The presump-
tion that there is a sufficiently accurate internal model some-
where in the nervous system and that it is used to compute
optimal solutions online has led to some useful summaries of
observable motor psychophysics (Flanders 2011). The ques-
tion is whether the predictions of this algorithm are different
from those for a stored repertoire of good-enough solutions.
If one uses the term “internal inverse model” to describe
the performance rather than the structure of the control sys-
tem, then it becomes a tautological description of any system
that behaves successfully without requiring extensive iter-
ation (see Fig. 1). If the control scheme needs to account
for more complex emergent phenomena such as the shape
of the learning curve and the persistence of motor habits

(see below), then good-enough control looks more plausible.
If experimenters actually go looking for an internal model,
then where should they look and what would they find?

5 What is the machinery for sensorimotor learning?

5.1 Optimal control: cerebellum?

Everyone acknowledges that the brain does not solve alge-
braic Riccati equations, but it is not clear how the nervous
system might implement any other inverse internal model,
much less a rule to learn and update such a model behav-
iorally. Kawato and Gomi proposed a mechanism for the
cerebellum to learn such a model, but it required other parts
of the brain to compute an error signal in motor coordinates
rather than the sensory coordinates that seem more plausible
for cerebellar inputs (Kawato and Gomi 1992). Their exam-
ple was drawn from the well-known role of the cerebellum
in fine-tuning the vestibulo-ocular reflex. That is a very spe-
cial plant, however, for which the sensorimotor dynamics are
simple and largely orthogonal rather than redundant and for
which there is little or no proprioceptive regulation between
command signals and muscle activation.

5.2 Good-enough control: neuronal hardware + experiential
software

Evolution is not the same as engineering design (Partridge
1982). Optimality got its start in Darwinian evolution, but
when applied to the nervous system, it conflates two sub-
systems for which optimal means very different things: the
“hardware” of neuromuscular systems and the “software”
of learned sensorimotor behaviors. The hardware includes
the complete phylogenic set of articulated segments, neuro-
muscular actuators, sensors, and central neurons available
to the species, thereby delimiting its ultimate capabilities,
which evolution presumably seeks to optimize. The software
includes whatever ontogenic modifications and memories a
given individual has managed to accumulate, thereby delim-
iting its current performance. The process of genetic muta-
tion has no mechanism to insure that the cumulative effects of
these mutations results in an organism that is optimal accord-
ing to physical capabilities; rather it must merely be better
at occupying some ecological niche than any other organism
that has yet occurred. Nevertheless, given sufficient time and
consistent selection pressure, many capabilities do appear
to asymptote toward optima within the constraints of the
basic schema. By contrast, the individual confronted with
a new task has no motivation to find a solution that is optimal
according to physical performance criteria; rather, the moti-
vation is to find quickly a solution that is good enough to
get rewarded without expending more time or effort than the
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reward is perceived to be worth. Developing a new sensori-
motor program from scratch is slow and difficult; hacking a
previously saved program is usually the best strategy. Actual
performance is likely to be noisy and idiosyncratic, forcing
psychophysicists to average a lot of data (see Sect. 6.1) before
proclaiming universal principles of optimal control. Those
principles tend to provide more insight into the banality and
ambiguity of most experimental tasks than into adaptive con-
trol by the brain. Rather than focusing on the observable solu-
tions to tasks, neuroscientists need to focus on the process of
finding those solutions.

Optimal control is a concept from engineering that has
been used with some success in very well-defined indus-
trial problems, but it is not actually common practice even in
engineering. The following explores a broader and perhaps
more realistic analogy between engineered and biological
systems that better reflects the hardware–software distinc-
tion introduced above.

• A modern engineer faced with designing, building, and
programming a complex system starts first with a set
of tasks that it must perform, then figures out the sim-
plest strategies for performing those tasks, then selects the
most cost-effective general purpose components that can
embody those strategies, and finally assembles the hard-
ware and writes the software as a foregone conclusion.
The wise engineer knows that “mission creep” is inev-
itable, and so he/she designs in as much extra capacity
as possible based on currently available “off-the-shelf”
technologies, eschewing expensive and risky custom
development unless absolutely unavoidable. These stock
components themselves represent decades of intensive
and expensive development that simultaneously empow-
ers the engineer to achieve a high level of performance at
low cost while confining that performance to some arbi-
trary limits, an acceptable bargain if that performance
is “good enough” to meet the original requirements.
Inevitably, the product eventually becomes obsolete as
newer off-the-shelf technologies emerge (i.e., hardware
evolution) and are incorporated into competing prod-
ucts, enabling their programmers to write software that
serves new demands that thereby become requirements
for competing systems.

• A biological organism evolves as an assembly of “off-the-
shelf” cellular and molecular components that themselves
represent hundreds of millions of years of evolution.
These components and the specific organism are optimal
only in the sense that their survival indicates that no bet-
ter designs have yet occurred in the particular ecological
niches that they occupy. For most of biological history,
performance depended almost entirely on such hardware.
The “learning” of primitive organisms is akin to fixed
rules for adaptive control that are themselves embodied

in the genetic firmware of modulation and messengers,
thereby limiting the behavioral repertoire of the organ-
ism. At some relatively recent point in evolution, nervous
systems became capable of something akin to program-
ming a general purpose computer. It should be noted that
the precipitating factor is probably not to be found in the
neural hardware itself. The underlying physics of a dig-
ital computer are no different from those of a transistor
radio, but the emergent properties of those products force
us to treat them differently. In particular, the actual per-
formance of the computer depends on both the slow and
expensive evolution of its hardware and firmware (now
requiring billion dollar silicon foundries) and the rapid
and cheap experiments with writing code (suitable for
“dotcom” start-up companies). As intelligent biological
organisms, humans inherit the best current neural com-
ponents and system architectures that Mother Nature has
yet devised and then spend our countless individual lives
hacking together software.

5.3 The role of cerebral cortex

The biological software hacker seems to reside in the cerebral
cortex, all phylogenetically proliferating regions of which
appear to share a similar computational algorithm (Diamond
1979). This algorithm seems to be particularly suited to clas-
sifying and recalling complex sets of information, thereby
allowing the organism to learn from experience. Like the
modern software hacker, the cortex is particularly good at
finding and taking advantage of bits of code that already
exist rather than constructing new code from scratch.

Decorticate mammals actually exhibit a fairly rich rep-
ertoire of complex sensorimotor behaviors, including con-
ditioned sensorimotor responses (Culler and Mettler 1934;
Bjursten et al. 1976). They rely on the reflexes and pat-
tern generators hardwired into subcortical structures like the
tectum (Perfiliev et al. 2010), brainstem, and spinal cord
(McCrea and Rybak 2008), which subserve the whole behav-
ioral repertoire of intact lower vertebrates. The strategy for
learning the repertoire of good-enough motor skills may
consist largely of trial-and-error exploration of a high dimen-
sional space that evolution has endowed with an unusually
favorable distribution of attractors to desirable behaviors
(Raphael et al. 2010). This advantageous hyperspace is the
inevitable consequence of these phylogenetically retained
subcortical circuits. As the later evolving cerebral cortex
gradually asserted dominance over this circuitry, it would
have been advantageous, perhaps even necessary, to exert
its influence by modulating the gains of this circuitry rather
than sending its commands directly to the actuators. Direct
control of the actuators is largely absent (Rathelot and Strick
2009) and would be inconsistent with the surprisingly modest
consequences of decorticating an adult mammal.
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6 Reinterpreting emergent phenomena

6.1 The learning curve

If the central nervous system possessed a reasonably accu-
rate inverse model of the sensorimotor plant, then it would
be expected to be able to start with reasonably good perfor-
mance on a novel motor task and then improve gradually but
steadily as the internal model was updated to account for any
discrepancies. As (Gallistel et al. 2004) elegantly pointed
out, the notion that intelligent organisms gradually improve
their performance along an asymptotic curve is a statistical
construct that bears little resemblance to actual trial-by-trial
performance. Instead, performance on successive trials looks
more like a random walk, running average of which improves
gradually. Even when error rates approach zero, the variabil-
ity in quantitative performance from trial to trial remains high
enough to trigger occasional errors. This is not a performance
limitation arising from inherent noise in the motoneurons as
postulated by many researchers (Todorov and Jordan 2002;
Hamilton and Jones 2004). The variability can usually be
decreased if the performance criteria for reward are further
tightened. Much of the observed variability appears to arise
during motor preparation (Churchland et al. 2006). It is as if
the nervous system never ceases its gratuitous exploration of
its control space. What purpose might that serve?

6.2 Noise versus intentional exploration

When psychophysicists study motor behavior under
controlled conditions in the laboratory, they must make
assumptions about the subjects’ state of mind. The notion
that subjects have an internal inverse model suggests that
the subjects can be instructed regarding the cost function
imposed by the investigator and can then compute an optimal
strategy. The mean performance then represents this optimal
strategy and the standard deviation should reflect compu-
tational noise in the nervous system and muscles. A cost
function is typically divided into a term for performance cri-
teria and a term for effort. Psychophysicists usually specify
their performance criteria and make a guess about the sub-
ject’s motivation to minimize effort, but what really matters
is what is going on in the operator’s brain. An individual try-
ing to perform a task in the real world is unlikely to be given
or to make use of formal performance criteria. Instead, as
part of learning to perform the task, the individual simulta-
neously learns what constitutes “good enough” performance
and how to achieve it most efficiently. In fact, investigators
already know this, which is why subjects are usually offered
the opportunity to “familiarize themselves with the appara-
tus.” The assumption is that after that opportunity is over,
everyone can get on with the experiment in a fully informed
steady state.

6.2.1 Identifying performance criteria

If the reward is continuously scaled in magnitude according
to objective performance criteria such as speed or accuracy,
then the reward alone can be used by the subject to define
optimality, but not until the subject has explored the space
sufficiently to internalize the shape of the reward function.
Even then, prior experience with the real world would suggest
to the brain that the reward function could be continuously
changing, requiring continuous exploration to keep minimiz-
ing the complete cost function. More typically, however, the
reward is binary and success is determined by threshold per-
formance criteria, resulting in many redundant solutions. The
rewarded criteria are unknown to the subject and could be
continuously changing. The only information available to the
subject is sensory feedback from the task and the presence
or the absence of the reward itself. In addition to performing
the task to obtain the reward, the subject will be continu-
ously solving a problem in Bayesian estimation, using the
results of each trial as data to update a probability distribu-
tion of the reward criteria. This exploration usually requires
the subject to introduce more variability into the trial-by-
trial performance than would otherwise arise from noise. The
subject gets the most information about the reward criteria
by pushing the behavior to the currently estimated edge of
acceptable. An observer has no way to know how much of
the observed variability reflects this purposeful exploration
versus computational noise [particularly if the measure of
variability ignores time-series structure; (Slifkin and Newell
1998)]. The subjects themselves may not know.

6.2.2 Minimizing effort

The effort term in the cost function is even more difficult to
pin down than the performance criteria. We can guess at three
general types of effort that probably need to be represented:
(i) energetic cost of the physical task itself; (ii) attentional
cost in terms of distraction from other activities or events that
might be important to pursue in parallel with the task; and
(iii) storage cost of the current strategy, as defined above in
terms of the numbers of neurons and synapses, state of which
must be recalled to repeat the performance. In fact, experi-
mentalists have no useful metrics for any of these, although
they sometimes explore monotonic terms such as by chang-
ing loads to affect energetic cost or adding distracters for
attentional cost. Unfortunately, storage cost depends on the
entire life history of the subject and is unlikely to be mono-
tonic for specific changes in the task, which might make the
task more or less familiar to a given subject. Furthermore,
storage cost depends on the number of neurons used by a
strategy, which also affects neural noise but inversely. Even
if the brain does have its own secret metrics, none of these
components of effort is likely to be a function that the brain
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can invert and minimize. Similar to the performance crite-
ria, the effort terms must also be explored by deliberately
introducing variability into the higher level command sig-
nals and considering the consequences according to sensory
and efference copy signals from the lower levels. Again, the
observer has no way to segregate observable variability into
noise vs. purposeful exploration.

6.3 The robustness of multiple solutions

The raison d’etre of optimal control is to find and employ
the one best strategy for performing a task. If one assumes
that a biological system has successfully employed optimal
control, then observed variability in the observed strategies
can be ascribed to noise. Evidence is accumulating, how-
ever, that this variability is not simply noise, even in sys-
tems that have no “intelligent behavior” and are incapable
of intent. Eve Marder’s lab has measured the many param-
eters that define membrane channels and synaptic coupling
among the neurons that generate oscillatory stomach con-
tractions in the crab (Grashow et al. 2010; Goaillard et al.
2009). They found wide ranges of values among specimens,
but only certain combinations of these values result in func-
tional behavior. Only those combinations are found in nature,
and so pooling the parametric data across specimens results
in the erroneous interpretation that the parameters are inde-
pendent and that their observed individual variability reflects
biological noise. From a control perspective, the crabs seem
to know that the high dimensional state space contains a large
number of good-enough local minima in terms of the usual
performance criteria. Why might it be useful for individu-
als to adopt various good-enough but suboptimal strategies
rather than for all to use the optimal one? If the conditions
under which the system must operate change, then some of
their strategies may become dysfunctional, and so will be
rejected either through ontogenic or phylogenic adaptation
(Tang et al. 2010); the other, lucky ones survive. Apparently,
Mother Nature has already discovered the lack of robustness
inherent in optimal control (Valero-Cuevas et al. 2009). Sim-
ilarly, the central pattern generator for locomotion in the cat
produces many apparently stable variants in its broadly sim-
ilar behaviors (Loeb 1993); the appearance of those variants
can be influenced by introducing mechanical alterations into
the musculoskeletal apparatus at an early age (Loeb 1999).

The existence of a state space with many good-enough
solutions may actually be a precondition for the evolution
of species. First, it guarantees population diversity even in
the absence of genetic diversity, thereby increasing the like-
lihood that some individuals will survive a sudden change in
environmental conditions. Second, it improves the likelihood
that a given individual will survive the sort of mutation that
is required for the evolution of new species. For example, it
is highly unlikely that a given mutation in musculoskeletal

form of an individual will be accompanied by a simulta-
neous mutation in the control system that might be required
to make optimal use of the new body form. The mechani-
cally mutated organism must have a high likelihood of being
able to achieve a functional state in order for the mutation
it carries to persist long enough for subsequent evolutionary
refinement to occur. All of the extant species that we study
represent the product of countless evolutionary selections,
each built upon a substrate that has necessarily been chosen
for robust as well as successful performance as populations
rather than individuals.

6.4 Optimal feedback control

It is important to distinguish useful predictions of a the-
ory from testable hypotheses about underlying mechanisms.
Both optimal control and good-enough control predict that
organisms will usually take advantage of strategies that
offer substantial improvements in performance. In contrast to
good-enough control (at least so far), optimal control offers
formal mathematical tools to predict features of useful strat-
egies that experimentalists might observe. Many of these
concern short-latency responses to brief perturbations during
behavioral tasks, which are attractive because fewer neural
pathways can contribute to such responses. If the entire plant
(i.e., muscles, sensors, linkages, and their dynamics) can be
described mathematically and the performance criteria stated
formally as a cost function (e.g., combination of kinematic
accuracy and level of effort), then it is possible to use an engi-
neering tool called linear quadratic regulator (LQR) design
to compute the optimal set of gains from all sensors to all
actuators that will minimize costs over the set of all small
perturbations for which the system remains locally linear
(Loeb et al. 1990; He et al. 1991). The results bear a striking
resemblance to many of the classically identified interneu-
ronal circuits of the mammalian spinal cord. Unfortunately,
this particular tool does not afford attribution of the com-
puted net gains to any particular combination of such known
circuits nor does it identify how background activity in such
circuitry could contribute to the nominal patterns of muscle
activation seen in the absence of perturbations. Furthermore,
analytic computation of the LQR is not possible if the state
equations governing the system cannot be inverted. These
shortcomings of this “top-down” approach to understanding
the spinal cord motivated the more recent “bottom-up” mod-
els in which the known circuitry of the spinal cord is modeled
explicitly (Raphael et al. 2010; Tsianos et al. 2011). The res-
ulting solutions predict both the nominal behavior and the
response to perturbations. It remains to be seen whether the
diversity of good-enough solutions found for the SLR model
can be found in the internal states of biological organisms
performing such behaviors.
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Optimal feedback control has been employed more recen-
tly to explain the seemingly arbitrary optimization crite-
ria that have been postulated to deal with redundancy of
inverse models (Todorov and Jordan 2002). The inverse mod-
els assume perfect performance, whereas real components
(especially biological ones) are noisy and sloppy. By assum-
ing that the actuators generate motor noise with constant var-
iance (Jones et al. 2002), it is possible to show that arbitrary
constraints such as minimizing jerk (Flash and Hogan 1985)
are actually emergent consequences of optimizing perfor-
mance in the face of such noise. Optimal feedback control
also exposes a fundamental flaw in the stepwise processes of
inverting the task as outlined above (see History). For exam-
ple, if the controller’s strategy starts with computing the com-
plete trajectory of the intended movement to a desired goal,
then presumably the controller should use feedback during
the execution of the movement to correct for any deviations
in the trajectory that might arise due to external perturbations
or internal noise. In fact, biological organisms tolerate a lot of
deviations during the trajectory, and instead make only those
adjustments that actually improve the accuracy at the goal
(Todorov and Jordan 2002). In some situations, the organism
actually tailors its nominal trajectory to minimize the dif-
ferent consequences of noise occurring at different times in
the movement (Sabes and Jordan 1997). Optimal feedback
control predicts that these behaviors are useful and should
happen, but without explaining how they might be achieved
by the nervous system. Good-enough control provides a bio-
logically plausible mechanism (trial-and-error learning) that
should converge on similar solutions when driven by an
appropriate cost-function.

6.5 Habitual control and coaching

The ability to learn entirely new patterns of neuromuscular
coordination such as required to make and use tools arose
only very recently. It may include mutations of musculoskel-
etal structures (e.g., opposable thumb) the associated regu-
latory circuitry of which is not appropriate for these newly
enabled tasks. Presumably these are the tasks for which the
cortex requires much longer periods of trial-and-error exper-
imentation to achieve even modest dexterity; consider a child
learning to drink from a cup. Once learned, such fine motor
habits tend to persist even when they are clearly suboptimal
(de Rugy et al. 2012). Subjects learned to overcome real and
virtual changes in their musculoskeletal systems but did so
by rescaling their prior motor habits rather than recomputing
optimal controls as would be expected if they could modify
an internal inverse model.

As suggested above, various individuals performing tasks
that look similar to an observer may have learned idiosyn-
cratic controls for the highly redundant spinal-like regula-
tor. This has important implications for learning a new task

such as required to play most sports. If the closest motor
program in the individual’s repertoire happens to be close
to a good-enough program for the new task, then learning
should be relatively easy. If it happens to be distant, then
progress will be unsteady and slow. It may cease entirely
unless and until the individual is forced into a distant part of
the hyperspace. This would explain why sport coaches con-
fronted with would-be athletes stuck in suboptimal motor
habits often prescribe unusual exercises to force their pupils
out of their comfort zone.

7 Conclusion

The methodology of optimal control is applicable when there
is (i) a single, known cost function to be optimized, (ii) an
invertible model of the plant, and (iii) simple noise interfer-
ing with optimal performance. None of these is likely to be
true for biological organisms. Furthermore, their motivation
is usually good-enough rather than globally optimal behav-
ior. Even then, the performance of a biological organism is
often much further from optimal than the physical limits of
its hardware because the controller carries the software bag-
gage of its entire ontogeny. Much of what has been called
motor noise probably is not noise at all but rather a reflec-
tion of systematic exploratory behavior, probing that bag-
gage and identifying the performance criteria. The behavior
of the organism is thus required to be suboptimal to satisfy
the requirements of system identification. The evolution of
the organism itself is shaped at least as much by robustness
as by optimality. The processes of identifying the require-
ments of tasks and building a useful repertoire of solutions are
more instructive than the solutions themselves, which tend
to be consistent with both computation of solutions online
(i.e., optimal control) and look-up of previously stored solu-
tions (i.e., good-enough control). Optimal control has been a
useful metaphor for understanding some superficial aspects
of motor psychophysics. Reductionists who want to under-
stand the underlying neural mechanisms need to move on.
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