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Introduction
The vertebrate brain evolved to control movements
and thereby achieve biological goals, including procreation, harm avoidance, ingestion of essentials,
exploration, and energy economics. To cope with
changing conditions, early vertebrates developed –
and their descendants inherited – the ability to expand
their innate repertoire of motor capabilities. This
facility, called motor skill learning, increased their
ability to attain biological goals through interaction with the environment. What motor skill learning did for our ancestors 500 Ma, it does for us today.
Some motor skills involve a single movement;
others require movement sequences. These two types
of motor skills are described in the following sections.

Skilled Single Movements
Single skilled movements can involve any skeletal
muscles, but most research centers on reaching,
pointing, or throwing with the arm and hand. The
target of movement might come from memory, but
often it arises from sensory receptors. In that case, the
motor system must transform sensory information
about the target’s location into the motor commands
necessary to bring to a target either the hand, tools
held in the hand, or objects thrown from the hand.
The motor system learns these computations, called
perceptual–motor or sensorimotor mappings, by
adjusting them from movement to movement based
on errors and uses these mappings and feedback to
adjust ongoing movements.
Types of Perceptual–Motor Mappings

Perceptual–motor learning includes both standard
and nonstandard mappings. Because vision dominates the sensory life of primates, including humans,
most research deals with visuomotor mappings. In
standard mapping, visible objects serve as the targets
of movement. In nonstandard mapping, visual inputs
provide information about targets, but movements
are aimed elsewhere. One type of nonstandard
mapping, called transformational mapping, requires

an algorithm to transform a cue’s location into that of
the target. For example, a ball should be aimed at a
moving target’s projected location, not its current
one. In another type of nonstandard mapping, called
arbitrary mapping, a symbolic cue specifies the goal.
Learning to stop at a red light is an example of arbitrary mapping. Figure 1 (pink shading) illustrates
these three kinds of perceptual–motor mappings,
along with some of the brain regions thought to
play key roles in computing them.
Motor Plans

Reaching, pointing, and throwing require changes in
the hand’s location relative to the rest of the body,
mostly because of movements around the shoulder,
elbow, and wrist joints. Figure 1(b) illustrates someone ready to reach for a coffee cup. He might be able
to see his hand, as illustrated, but vision of the hand’s
starting location is not necessary to compute its initial
position. Typically, people fixate on the target
(dashed lines), not on the hand, so proprioceptors
provide the best signals for estimating the hand’s
initial position (Figure 1(a), green shading). This estimate depends on motor learning: the experience
gained by relating viewed hand position to proprioceptive inputs over many movements. Prisms can
perturb these relationships, which leads to misalignments of viewed and proprioceptively sensed hand
position. These misalignments, in turn, lead to reaching errors. The estimated initial hand position can
then be brought back into alignment by the practice
gained in several reaches, which eliminates the errors.
Once the prisms are removed, the misalignment
returns and an error of opposite sign, called an aftereffect, appears. This error, too, diminishes with
practice.
Once the motor system has computed the target’s
location and the hand’s starting position, it can develop a plan for moving the limb. The difference
between initial hand position and target location
defines a vector, called the difference vector, which
has distance and direction as its dimensions. A net
movement of the hand by that distance in that direction will bring it to the target. Neurophysiological
research in monkeys indicates that parts of the
posterior parietal cortex (PPC) play the largest role
in computing target location, initial hand position,
and the difference vector.
The difference vector is an important aspect of
motor planning, but not the only one. Much of
the literature on perceptual–motor learning explores
the principles that guide the generation of motor
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Before feedback arrives: computation of motor plan based on previous experience
Figure 1 (a) Model of skilled reaching. Each parallelogram represents a neural network, with some of their brain regions indicated
nearby. One network (pink parallelogram) aligns proprioceptive input with the viewed position of the hand. A second network (white
parallelogram) computes the difference between the current hand position and that of the target, called the difference vector. The nextstate planner (black parallelogram) produces the next incremental change in hand position needed to reach the target in accord with a
control policy, such as minimizing endpoint error. A kinematics map (orange parallelogram) is an internal model that learns to transform
this next-state vector into the desired joint-angle changes. Finally, the dynamics map transforms the desired joint-angle changes into the
required torques and forces. Abbreviations: BG, basal ganglia; CB, cerebellum; CMAs, cingulate motor areas; dv, difference vector; IT,
inferior temporal cortex; PFv+o, ventral and orbital prefrontal cortex; PMd, dorsal premotor cortex; PMv, ventral premotor cortex; PPC,
posterior parietal cortex; pSMA, pre-supplementary motor area; SMA, supplementary motor area; SSC, somatosensory cortex. (b)
A person planning to grasp a coffee cup. The arm’s configuration after the reaching movement appears in white. Dashed line: orientation
of gaze. Adapted from Shadmehr R and Wise SP (2005) The Computational Neurobiology of Reaching and Pointing: A Foundation for
Motor Learning. Cambridge: MIT Press, with permission from MIT Press.

commands for a given difference vector. These ideas
focus on constraining redundant means of reaching a
target or minimizing the jerkiness of movements,
coactivation of antagonist muscles, endpoint or intermediate-point errors, or curvature in visual coordinates. The dominant factors appear to be the last two.
Indeed, among the others, some properties said to be
‘invariant’ often vary dramatically depending on a
person’s intentions. Furthermore, according to Fitts’
law, the motor system must trade-off speed and accuracy. So the coffee drinker in Figure 1 cannot move his
hand as fast as possible to get the coffee. Variations in
motor commands for a given difference vector, called
control policies, compose crucial aspects of motor
skills.
Motor Commands

The difference vector represents the desired displacement of the hand. Neural networks must convert this
information into command signals that cause the

joint-angle changes and forces necessary to reach the
target. The former computation is called inverse
kinematics, the latter, inverse dynamics (Figure 1).
The neural networks that compute these transforms
implement the kinematics and dynamics maps that
underlie, respectively, inverse kinematics and inverse
dynamics. Inverse models of this kind are one kind of
internal model: a neural representation of how the
body interacts with the world and itself. Another
kind, called a forward model, is taken up below.
An inverse model uses desired movements to compute
motor commands; a forward model uses motor
commands to compute predicted movements.
The mappings computed by internal models must
be learned. For example, prisms perturb kinematics
maps, as noted above for proprioceptively sensed
hand position. They cause reaching errors by altering
the visual consequences of movements. Likewise,
dynamics maps can be perturbed by imposing forces
on the limb during movement. These networks adapt
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their mappings on a movement-to-movement basis to
reduce errors. Indeed, every movement teaches the
motor system something about the motor commands
needed for future movements.
Neuronal Mechanisms

Neurophysiological and neuroimaging research indicates that in addition to the cerebellum, the PPC and
certain nonprimary motor areas, such as the dorsal
and ventral premotor cortex, compute kinematics
maps, while the primary motor area (M1) and the
supplementary motor area (SMA) compute dynamics
maps.
Neurons in all of these structures have tuning
curves, which peak at a preferred direction (PD) of
movement. A population of neurons with different
PDs can serve as the motor primitives for representing
motor parameters. These computational components
are also known as basis functions. The neuronal
mechanisms of motor skill learning involve changes
in both the PDs of the tuning curves, which encode a
parametric value, and their width, which reflects
encoding sensitivity. The encoding sensitivity affects
how errors generalize from one kind of movement to
another.
A common perturbation of the kinematics map,
called the ‘rotation’ task, involves the use of a
mouse or joystick to control a cursor on a computer
screen. Initially, when the mouse moves left, the
cursor also moves left, when the mouse moves away
from the body, the cursor moves up, and likewise
for all directions. After a perturbation of 90 , for
example, when the mouse moves left, the cursor
moves up. Therefore, to use the mouse–cursor tool
to reach an upward target, subjects must learn to
move the mouse to the left rather than away from
the body. Training on the ‘rotation’ task can be for
one direction or for several. After training on one
direction of movement, humans and monkeys show
limited generalization of learning. They generalize to
other directions as a function of angular distance
from the training direction, with a fall-off similar to
the width of M1 tuning curves (and those elsewhere).
As noted above, computational models suggest that
the width of these tuning curves – their encoding
sensitivity – could account for this pattern of generalization. Furthermore, changes in tuning-curve width
might contribute to skill learning. After training,
changes in M1 activity, which consist of narrowing
the width of its tuning curves, occur only in neurons
with PDs close to the training direction. By virtue
of this increase in encoding sensitivity, M1 neurons
contain more information about movement direction
after learning, and this greater information might
enhance motor skill.

The activity of M1 neurons also changes during the
learning of new dynamics maps (Figure 2). About
one-fifth of M1 neurons change their PDs during
adaptation to a force field (shaded area), but return
to their baseline properties after removal of those
forces, called the null field. For another fifth of the
cells, their PD changes during the force-adaptation
period, but they maintain those changes after monkeys
readapt to the null field (Figure 2(c)). Finally, another
fifth of the cells change their PD after a return to the
null field, not during force adaptation (Figure 2(d)).
Because, as a population, the changes depicted in
Figures 2(c) and 2(d) balance, the population shows
no net change in PD. Nevertheless, over 40% of M1
neurons have changes in PD that outlast the adaptation period. Thus, the sum of M1 output remains
unchanged, which supports the computation of movement direction in the null field, yet the network as a
whole retains an influence of monkey’s adaptation to
the force field.
In addition to M1, the cerebellum plays a central
role in learning dynamics maps. Studies of force-field
adaptation suggest a reliance on motor primitives
that resemble the tuning curves of cerebellar Purkinje
cells. These neurons have two peaks in their tuning
curves, one for hand velocity in the cell’s PD, and a
smaller peak for the opposite direction. This tuning
property could account for the transfer of learning
from a practiced movement direction to the opposite
direction. Furthermore, patients with cerebellar disease adapt poorly, if at all, to forces imposed on
the limb during a movement. Unlike healthy subjects
(Figures 3(a) and 3(c), blue), who decrease their
reaching errors as they gain experience in counteracting imposed forces, cerebellar patients continue
to make errors without noticeable improvement
(Figures 3(a) and 3(b), green). Cerebellar diseases
also affect the learning of other motor skills, including
mirror writing and learning to copy shapes rapidly.
It seems likely that sometimes the motor system
uses multiple controllers that can be selected and
switched according to task context. Adapting to two
force fields based on contextual cues, such as color,
may be impossible under certain circumstances, but
when random and frequent switching of context
occurs, people can learn multiple, parallel skills,
based on mappings cued by context. Learning a
prism skill is also possible. Given a contextual cue,
people can immediately call up the kinematic mappings needed for a given prism-induced displacement
of the visual field.
Adjusting Ongoing Movements

In addition to adjusting motor commands from
movement to movement, the motor system can adjust
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Figure 2 Perturbation of the dynamics map: (a) The monkey grasps a handle, and motors in that handle exert variable forces during a
reaching movement. The monkey reaches one of eight directions from center to a visible target. In a baseline period, the motors do not
apply forces, a condition called the ‘null field.’ (b) After practice in the force field, the monkey makes straighter movements, demonstrating
the learning of a new dynamics map (see Figure 1). When the force disappears, aftereffects occur, which also decrement with practice
(early washout vs. late washout). (c, d) The activity of two neurons in the primary motor cortex (M1). Activity for each of the eight
movement directions is depicted in polar coordinates (blue), with the cell’s PD in red. (c) As the monkey adapts to the clockwise force, the
PD of one M1 cell shifts by approximately 30  clockwise. As a population, PDs in M1 cells shift by 16  . After a return to the null field
(washout), the monkey readapts as the kinematics and dynamics return to baseline conditions. If M1 neurons processed only movement
dynamics, all PDs should return to baseline in the washout condition, and many do. But in this and other M1 neurons, the changes in PD
outlast the perturbation. (d) In a different M1 cell, a shift in PD occurs during readaptation to the null field. Overall, 41% of M1 cells exhibit
the properties shown in (c, d), in equal proportions. (a, c, d) Adapted from Li CS, Padoa-Schioppa C, and Bizzi E (2001) Neuronal
correlates of motor performance and motor learning in the primary motor cortex of monkeys adapting to an external force field. Neuron 30:
593–607, with permission from Elsevier. (b) Adapted from Padoa-Schioppa C, Li CS, and Bizzi E (2004) Neuronal activity in the
supplementary motor area of monkeys adapting to a new dynamic environment. Journal of Neurophysiology 91: 449–473, with
permission from American Physiology Society.

ongoing movements. Adjustments become necessary
if movements begin inaccurately, if the target moves
during a reach, or if some force perturbs the limb,
among other reasons. If the pencil in Figure 4 rolls
away during the movement, an updated computation of the difference vector will restore a trajectory
toward the target.
Much like some of the sequence learning discussed
below, this kind of online correction can occur without conscious awareness. For instance, when people
reach to a target that jumps to a new location during a
movement, they often deny that it jumped at all.
When told to suppress a movement to a target if it
jumps, they cannot do so. It appears that a mechanism like that shown in Figure 4 functions something

like the automatic pilot of an airplane, adjusting to
perturbations of the limb or unexpected movements
of the target with fast, corrective actions. Patients
with PPC lesions lack these autopilot adjustments,
as do healthy people when transcranial magnetic
stimulation disrupts PPC activity.
According to the model illustrated in Figure 4, the
ability to adjust ongoing movements depends on a
forward model, which predicts proprioceptively
sensed hand movements based on ongoing motor
commands, called efference copy. In essence, they
predict where the hand should be at a given time
after a motor command, taking feedback delays into
account. Why should the motor system predict the
sensory consequences of motor commands? First, a
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Figure 3 Effects of cerebellar disease on motor learning: (a) Learning index for movement-to-movement learning of force fields. Prior to
imposing a complex pattern of forces, participants make straight movements to visible targets in a null field (N). The participants then learn
to make straight movements in one force field, of pattern A, which is the same as used in Figure 2. Subjects practice in field A for three
blocks of trials. HD (red) and control (blue) participants learn to counteract the imposed forces and return to making relatively straight
movements, indicated by the relatively high learning index. This learning does not transfer to the opposite pattern of forces, pattern B.
Patients with cerebellar damage (green) show very little movement-to-movement learning. (b) Data leading to B for cerebellar patients.
After four blocks of movements in the null field, the patients practiced for three blocks in the A field. Once every seven movements, a catch
trial (dashed line) occurred in which the null field was presented. The lack of change in error and the lack of aftereffects in catch trials
indicates a severe learning deficit. (c) HD (red) patients and asymptomatic carriers of gene for HD (orange) learn as effectively as control
subjects, as indicated by the decrease in error for the second and third blocks in the A field and the aftereffects on the corresponding catch
trials. Reprinted from Smith MA and Shadmehr R (2005) Intact ability to learn internal models of arm dynamics in Huntington’s disease but
not cerebellar degeneration. Journal of Neurophysiology 93: 2809–2821, with permission from the American Physiological Society.

forward model allows the motor system to monitor
motor output and predict the sensory state of the limb
ahead of the actual sensory feedback. If neural noise,
for example, causes the motor system to generate
erroneous motor commands, they can be corrected
before sensory feedback arrives. Second, once feedback arrives, the motor system has two sources of
information to guide action: the predicted state of
the limb and the sensed state. By combining them, it
acquires a more accurate (less noisy) estimate of limb
state than it can from either source alone.
Research on Huntington’s disease (HD) suggests
that parts of the basal ganglia contribute crucially to
these computations. Although HD involves more than
the basal ganglia, it is most involved in the disease,
especially in its early phases. Even earlier, asymptomatic carriers of the HD gene have a subtle reaching
abnormality that worsens once symptoms appear.
Unlike cerebellar patients (Figures 3(a) and 3(b),
green), HD gene carriers (Figures 3(a) and 3(c),
orange) and symptomatic HD patients (Figures 3(a)
and 3(c), red) learn to correct reaching errors in a
force field as well as controls (Figures 3(a) and 3(c),
blue). Instead, they have problems adjusting ongoing
movements based on error feedback, and make jerky
movements as they approach the target.

In summary, neural networks involving the cerebellum, motor cortex, and PPC adjust perceptual–motor
mappings for the next movement based on the errors
encountered on previous ones, whereas networks
involving the basal ganglia and cortex adjust ongoing
movements.

Sequential Movements
Although it takes considerable skill to make a single
movement with spatial and temporal accuracy, the
epitome of skilled behavior – exemplified by writing,
speaking, typing, and dancing – entails learning a
limited set of movements and then combining them
into new sequences. It might seem that generating
a sequence of movements need not differ fundamentally from generating a single movement – the motor
system could simply select a series of movement
targets, in turn. But the motor system does not plan
sequences in this manner. If it did, then it would
complete the first movement in a sequence before
planning and completing the next. Skilled movements occur much too fast for this sort of planning.
A skilled typist initiates the second keystroke of a
sequence long before the motor system receives any
proprioceptive feedback about the first. The fact that
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and the prediction of feedback. Forward models compute the movement that should occur given a motor command. (Inset) Adapted from
Shadmehr R and Wise SP (2005) The Computational Neurobiology of Reaching and Pointing: A Foundation for Motor Learning.
Cambridge: MIT Press, with permission from MIT Press.

the time to make the first movement in a sequence
increases with sequence length further demonstrates
that the motor system plans sequences coherently, not
piecemeal.
Perhaps the most fundamental problem to be
solved in sequencing lies at its heart: the ability to
combine a limited set of elements into a limitless set of
motor acts. But how then can the motor system distinguish sequences? For example, how can it plan
to type ‘pig’ and ‘gap’ and do both efficiently? In
one case, ‘g’ follows ‘p,’ and in the other, ‘p’ follows
‘g.’ Simple associations chained together will not
suffice: the motor system needs some mechanism
for sequence planning, and this mechanism makes
sequencing powerful.

Control of Sequencing

There is a considerable overlap in the neural machinery that supports moment-to-moment control of
motor sequencing and that which supports sequence
learning. Figure 5 shows a heuristic representation of
a linear organization of cortical areas that contribute
to motor sequencing. Sequencing is initiated by the
dorsolateral prefrontal cortex (DLPFC), and perhaps
other prefrontal areas, which may be considered to
employ more cognitive representations, meaning that
they are flexible in terms of how sequencing behavior
may be expressed. The hierarchy of cortical areas
culminates in M1, which employs the least flexible
representation, meaning that sequencing is closely
tied to motor expression in terms of force production.
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Figure 5 A schematic of cortical structures that underlie sequence learning. The darker regions are not available to awareness, but
lighter regions are. Explicit learning originates in the DLPFC, and is expressed via the supplementary motor area (SMA), the pre-SMA,
and the motor cortex. The red arrows show that, with practice, motor areas show learning consistent with the explicit sequence – that is,
automaticity is developed. Implicit motor sequence learning progresses in the opposite direction, beginning in motor areas. According to
this model, with sufficient practice this information propagates to prefrontal cortex and so becomes accessible to awareness. Reprinted
from Ashe J, Lungu OV, Basford AT, and Lu X (2006) Cortical control of motor sequences. Current Opinion in Neurobiology 16: 213–221,
with permission from Elsevier.

Among the areas illustrated in Figure 5, DLPFC has
long been implicated in temporal order, dating to
neurological observations of sequencing deficits in
patients with frontal lesions. Neurophysiological
studies show that these symptoms cannot be
accounted for solely on the basis of dysfunction of
an executive planner or deficits in working memory:
some DLPFC neurons code temporal order, others
code object identity, and yet others integrate object
and order information. The pre-supplementary motor
area (pre-SMA) receives prominent projections from
DLPFC and sends projections to the SMA. There is
overlap in the functionality of the pre-SMA and SMA;
both contain neurons that code ordinal information
(e.g., the second movement in the sequence, irrespective of the specific movement), neurons that code
sequence initiation or the transition from one movement to another, and neurons that code a specific
movement, but only for a particular sequence. For
example, some cells become active when a monkey
will push a lever, but only when it follows a pulling
movement (Figure 6). Pre-SMA shows a higher proportion of neurons for order, initiation and transition,

and the SMA for specific movement pairs, such as
pull–push. Striatal neurons show similar properties,
as might be expected due to the substantial projections from SMA and pre-SMA to the striatum, and
projections that loop back to these cortical areas from
striatum, via other basal ganglia structures and the
thalamus. The SMA also projects to M1, which has
recently been shown to be sensitive to sequencing.
Activity patterns for simple movements change in
M1 depending on the sequence context, and reversible blockade affects sequence production while having little impact on single movements.
Sequence Learning Tasks

Most of the work on motor sequencing has examined
sequencing of spatial responses, and much of it has
used a model task: the serial reaction time task
(SRTT). The subject sits before a computer monitor,
with the middle and index finger of each hand resting
lightly on four response buttons. On each trial, a
stimulus appears in one of four possible locations,
and the subject presses the button directly below the
stimulus. The stimulus disappears, and after a brief
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Figure 6 A SMA neuron that is active before a push movement, but only if the monkey has just completed a pull movement. In the raster
display, each row shows the neuron’s activity for one trial, the plus represents movement initiation, and each dot represents one discharge
of the neuron. The histogram indicates the activity average. Reprinted from Shima K and Tanji J (2000) Neuronal activity in the
supplementary and presupplementary motor areas for temporal organization of multiple movements. Journal of Neurophysiology 84:
2148–2160, with permission from the American Physiological Society.

delay a new stimulus appears. This procedure continues for several hundred trials. For some trials the
stimuli appear randomly, and for others they appear
in a repeating sequence, typically 12 units long. This
task has been used in hundreds of sequencing experiments because of its simplicity, and because it can,
with little modification, be used to test two types
of sequence learning: implicit or explicit. In implicit
sequence learning, the subject remains unaware that
he or she is learning anything. If subjects are not informed about the presence of the sequence, they often
remain unaware of it. Nevertheless, their response
times to individual stimuli decrease with practice, and
increase if the sequence changes. Despite this implicit
learning, subjects perform at chance on a recall or
recognition test of the sequence. Hence, subjects show
behavioral evidence of learning, despite their unawareness of the sequence.
The same task may be used to measure explicit
sequence learning, in which the subject is aware of
learning the sequence. In this version, the experimenter
simply informs the subject that the stimuli appear
in a sequence, and encourages the subject to learn it,
as a way of responding more quickly. With these
instructions, subjects will exhibit sequence learning

through faster response times to the sequenced stimuli than to the random stimuli, and will also successfully produce the sequence during a later recall or
recognition task.
Tracking tasks have also proven useful in studies of
sequencing. In a standard pursuit tracking task, the
subject uses a manipulandum to control a cursor,
which is to be kept as close as possible to a moving
target on a screen. The target appears to move randomly, but a repeating sequence is embedded in the
otherwise random movement, as shown in Figure 7.
Learning is assessed by comparing tracking error in
the sequenced and random segments. Such learning
is virtually always implicit and, in this respect,
resembles the force adaptation learning illustrated in
Figure 2(b).
Implicit Sequence Learning

Behavioral studies indicate that when subjects learn a
sequence implicitly, they learn a sequence of targets
for the movements. That is, they do not learn the
sequence of stimulus locations, nor a sequence of
specific motor responses in terms of joint-angle
changes or forces. Instead, they learn the sequence
of targets to which movements will be made. After
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Figure 7 A continuous tracking task: (a) The subject sits before a computer screen with the forearm resting on a lever, capable of
movement via shoulder rotation through a 90  arc. Lever movement manipulates a screen cursor, which the subject uses to track a
moving target. The target moves in one dimension, from the subject’s left to right. (b) Example of target movement on three different trials.
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Reprinted from Boyd LA and Winstein CJ (2004) Cerebellar stroke impairs temporal but not spatial accuracy during implicit motor learning.
Neurorehabilitation and Neural Repair 18: 134–143, with permission from Sage Publications.

training, the stimulus locations can be changed, or the
effectors used to respond can change, without any
cost to learning, as long as the sequence of target
locations remains the same.
These behavioral data aid in interpreting neuroimaging and neurophysiological studies of implicit
sequence learning. Neuroimaging studies of the SRTT
and of the tracking task (Figure 7) show consistent
activation in four brain regions: the SMA and preSMA, striatum, PPC, and cingulate cortex. The PPC
represents the sequence of targets in an abstract spatial code (Figure 1, pink shading), and the striatum
and SMA represent it in a motor code, consistent with
neurophysiological data implicating these structures
in motor sequencing. Cingulate cortex may monitor
the success of motor prediction, as indicated by the
findings that it is especially active during sequence
violations and that its activity decreases as the skill
develops and errors decrease. Consistent with this
interpretation, lesions to SMA or PPC devastate implicit sequence learning. Striatal dysfunction caused
by HD or Parkinson’s disease also leads to deficits
in sequence learning, although only partially, likely
because patients in a testable stage of the disease have
only incomplete striatal damage.
Cerebellar activation is observed in some neuroimaging studies, and cerebellar patients show drastically impaired implicit sequence learning. But
behavioral paradigms that separate learning and the
behavioral expression of learning in the SRTT show
cerebellar activation associated with the latter, not
the former. This interpretation is consistent with the
putative role of the cerebellum in timing; it may calculate when the next position in the sequence will
appear, which facilitates motor preparation, but not
the identity of the next sequence element for which to
prepare. Also relevant are data from the tracking

task. Cerebellar patients are impaired on this task,
but only on the timing component; the spatial response profile shows normal learning of the sequence,
but their responses lag behind the target and the
timing of responses is variable. Thus, the cerebellum
appears to support the behavioral expression of implicit sequence learning, but does not appear to be the
site of learning the specific motor commands.
Explicit Sequence Learning

Explicit sequence learning has been examined in the
SRTT, and in conceptually similar studies in which
subjects repeatedly perform a simple sequence of
finger-thumb opposition movements. Behavioral studies show that learning in these explicit sequencing
tasks is based on knowledge of the stimulus locations,
in contrast to implicit sequences, which are learned as
sequences of target locations.
Neuroimaging studies show consistent activation
in PPC and in DLFPC. These two regions are associated with spatial working memory, attention, and
goal selection, consistent with the interpretation that
explicit sequence learning is not tied to the motor
system, at least early in training. Explicit learning is
open to flexible expression, for example through verbal responses or through motor responses different
than those used in training. Structures linked to
explicit learning, such as the hippocampus and other
parts of the medial temporal lobe, are also active.
Furthermore, amnesic patients, who often have damage somewhere in the white or gray matter of the
medial temporal lobe, are profoundly impaired in
explicit sequence learning, although they learn
implicit sequences normally.
As expected from the discussion above, the SMA
and pre-SMA are also consistently active in neuroimaging studies of explicit sequence learning. Although
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no one knows whether monkeys learn these tasks explicitly or implicitly, neurophysiological studies in
monkeys show that the pre-SMA is especially active
during the learning of new sequences, and that once
the sequence is well learned, some pre-SMA neurons
discharge only at the initiation of the sequence.
Furthermore, functional blockade of pre-SMA impairs
the learning of new sequences by trial and error. Thus,
pre-SMA activity in monkeys has some of the properties to be expected for explicit sequence learning.
Practice-Related Changes

A salient behavioral consequence of practicing an explicit skill is the decreasing role of attention, and eventual automaticity of behavior. Characterizing the
neural changes associated with long-term practice has
been difficult because of variation in experimental
designs and because behavior changes with training –
skills are performed more quickly and with fewer
errors – and those changes must be accounted for
when interpreting physiological changes. Figure 5,
based on neuroimaging studies of long-term sequence
learning in humans, depicts a rough summary of the
pattern that has emerged. The red arrows represent the
progression of explicit learning, which DLPFC and
other prefrontal areas are thought to underlie. With
sufficient training, motor areas become tuned to the
specifics of the explicitly learned sequence, and then
the contribution of prefrontal cortex diminishes. The
blue arrows represent changes in implicit learning,
which begins in motor areas, and with sufficient practice may propagate to prefrontal cortex, which presumably contributes to awareness of the sequence.
As skilled performance becomes more automatic,
attentional resources can be directed to other matters,
such as perceptual decisions and the choice of future
actions. Although the implicit nature of highly
practiced skills has led some to consider them as a
‘lower’ form of learning, the early-twentieth-century
mathematician, Alfred North Whitehead (1911), put
the matter in its proper perspective when he noted
that it was mistaken to ‘‘cultivate the habit of thinking of what we are doing. The precise opposite is the
case. Civilization advances by extending the number
of important operations which we can perform without thinking about them.’’
See also: Motor Control of Feeding and Drinking;
Procedural Learning in Animals; Procedural Learning in
Humans; Procedural Learning: Cerebellum Models.
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