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Coordina2on (motor)

Motor skill



Capacità che permette di eseguire un qualsiasi movimento corporeo.
La coordinazione motoria è la capacità che permette di eseguire, in modo appropriato, azioni motorie efficaci, così 
da trarne i migliori risultati.

Muovere differenti parti del corpo con efficacia e controllo. Ma dietro a ciò c’è una combinazione di skills motorie, 
cognitive e percettive che permettono di raggiungere una performance. 

La capacità di eseguire un movimento in maniera efficace ed efficiente, raggiungendo, quindi, l’obiettivo prefissato 
con il minor dispendio energetico possibile.

Capacità che permette di eseguire dei movimenti nel miglior modo possibile con efficacia ed economicità.

Capacità di organizzare e controllare il movimento per raggiungere un obiettivo
Complesso armonico di movimenti
Dipende dalla dimensione intellettiva. Influenza l'apprendimento.

Capacità di controllare/adattare ogni segmento corporeo in modo armonioso e col minimo dispendio di energia

Movimenti in relazione allo spazio e all’ambiente esterno.
L’insieme di più capacità (coordinative e condizionali) che permettono ad un individuo di eseguire movimenti proficui 
e utili

Capacità motoria correlata intimamente al funzionamento del sistema nervoso, che caratterizza in maniera visibile le 
attività svolte dalle persone, sia di tipo motorio sportivo che nella vita quotidiana.

La capacità di sincronizzare i movimenti del nostro corpo. Maggiore è la coordinazione e maggiore la possibilità di 
fare movimenti combinati e complessi.
Insieme di capacità motorie che stanno alla base della pianificazione e regolazione del movimento di diverse parti 
del corpo in maniera fluida ed economica
La coordinazione motoria è la capacità di controllare, regolare e organizzare il movimento delle varie parti del corpo 
nello spazio e nel tempo per raggiungere un determinato obiettivo
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Motor skill

Per "abilità motorie" si definiscono tutte quelle azioni che,

attraverso la ripetizione del gesto, sono state apprese e

consolidate e che ricorrono in modo automatizzato, cioè si

realizzano senza l'intervento consapevole dell'attenzione. Le abilità

motorie rappresentano dunque il risultato finale di un processo di

apprendimento.
https://archivio.pubblica.istruzione.it/essere_benessere/moto.shtml

https://archivio.pubblica.istruzione.it/essere_benessere/moto.shtml


Motor skill

Mechling (1987) definisce l’abilità come un elemento dell’a8vità
umana cosciente, eseguito in gran parte in modo automa=co, 
che si sviluppa ampiamente a>raverso l’esercizio.

Meinel sosEene che le abilità sono azioni che vengono consolidate 
prevalentemente con l’esercizio ripetuto, che si svolgono, almeno
in parte, automa=camente, cioè senza che l’aGenzione venga
intenzionalmente concentrata su di essa.

h<ps://liguria.coni.it/images/liguria/Abilità_motorie_e_capacità_coordina@ve.pdf

https://liguria.coni.it/images/liguria/Abilit%C3%A0_motorie_e_capacit%C3%A0_coordinative.pdf


Motor skill

“A learned, goal-directed acEvity accomplished primarily through
muscular contribuEons to acEon.” (Edwards, 2010)

“AcEviEes or tasks that require voluntary control over movements
of the joints and body segments to achieve a goal.” (Magill and
Anderson, 2017)

“Movement that are dependent on pracEce and experience for
their execuEon.” (Schmidt et al., 2005)



Motor coordination

“La coordinazione motoria è la capacità che permette di eseguire
un qualsiasi movimento corporeo in modo efficace.”
https://it.wikipedia.org/wiki/Coordinazione_motoria

“Motor coordination is the orchestrated movement of multiple 
body parts as required to accomplish intended actions.”
https://en.wikipedia.org/wiki/Motor_coordination

https://it.wikipedia.org/wiki/Coordinazione_motoria
https://en.wikipedia.org/wiki/Motor_coordination
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“Ability to execute movements smoothly and efficiently” 



“The ability to integrate separate
motor systems with varying sensory
modaliEes into efficient movement, as
in kicking or dribbling a ball.”

Motor coordination (Physical education)
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This study considers relationships among motor coordina-
tion (MC), physical fitness (PF) and physical activity (PA)
in children followed longitudinally from 6 to 10 years. It is
hypothesized that MC is a significant and primary predictor
of PA in children. Subjects were 142 girls and 143 boys.
Height, weight and skinfolds; PA (Godin–Shephard ques-
tionnaire); MC (Körperkoordination Test für Kinder); and
PF (five fitness items) were measured. Hierarchical linear
modeling with MC and PF as predictors of PA was used.
The retained model indicated that PA at baseline di!ered

significantly between boys (48.3MET/week) and girls
(40.0MET/week). The interaction of MC and 1 mile run/
walk had a positive influence on level of PA. The general
trend for a decrease in PA level across years was attenuated
or amplified depending on initial level of MC. The estimated
rate of decline in PA was negligible for children with higher
levels ofMC at 6 years, but was augmented by 2.58 and 2.47
units each year, respectively, for children with low and
average levels of initial MC. In conclusion MC is an
important predictor of PA in children 6–10 years of age.

The benefits of regular physical activity (PA) for the
health, fitness and behavior of school age children and
adolescents are major topics of discussion in the
context of public health (Strong et al., 2005; Marcus
et al., 2006; Physical Activity Guidelines Advisory
Committee, 2008). PA is a complex multifactorial
behavior that is influenced by a variety of biological,
behavioral and environmental factors and interac-
tions among factors. It is often assumed that enjoy-
able and successful participation in PA will promote
further engagement and persistence in such activities.
Indeed, participation in PA is associated with greater
proficiency in motor skills (Butcher & Eaton, 1989;
Okely et al., 2001; Wrotniak et al., 2006), while less
motor proficiency is associated with lower levels of
activity (Williams et al., 2008) and reduced motivation
for challenging activities (Rose et al., 1998). The
observations are derived from cross-sectional studies.
Limited longitudinal data, on the other hand, indicate
that proficiency in three basic movement skills (lateral
jumping, catching a ball, one foot balance) at age 4–6
years did not predict PA at 12 years of age in
Mexican-American and American White children
(McKenzie et al., 2002). The limited number of skills
assessed may have influenced the results. Further
study incorporating additional movement skills and
other populations were recommended by the authors.

This study examines relationships among motor
proficiency, physical fitness (PF) and PA among
Portuguese children followed longitudinally from 6
to 10 years. It specifically considers the association
among motor coordination (MC), performance-re-
lated PF and PA. MC and PF are evaluated as
predictors of PA in a hierarchical linear model. It is
hypothesized that MC is a predictor of PA in
children of elementary school age.

Materials and methods

A longitudinal study of Azorean school children (Azores
Islands, Portugal) was carried out between 2002 and 2007.
Four cohorts were followed for five consecutive years. At the
first evaluation children were 6, 10, 13 and 16 years of age
(first, second, third and fourth cohorts, respectively). Data
from the first cohort who were followed from 6 to 10 years of
age are the focus of this study. Body dimensions, PA and PF
were evaluated annually on five occasions, while MC was
evaluated over the first 4 years only.

Subjects

Subjects were 285 elementary school children, 142 girls and
143 boys, followed annually from 6 to 10 years. The schools
did not have regular physical education and sport programs.
Organized PAs were held periodically but not on a regular
basis. Written informed consent was obtained from the

Scand J Med Sci Sports 2011: 21: 663–669 & 2009 John Wiley & Sons A/S

doi: 10.1111/j.1600-0838.2009.01027.x
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parents of each child and the study was approved by the
ethical committee of the local health authority.

Body dimensions

Stature, body mass and the triceps and subscapular skinfolds
were measured. The body mass index (BMI) and sum of
skinfolds were calculated. Approximately 30% of the sample
was overweight or obese, which was consistent with observa-
tions for Portuguese children of the same age, 31.5% (Padez
et al., 2004).

PA

PA was assessed with the Godin–Shephard questionnaire
(Godin & Shephard, 1985), which was administered in an
interviewer-assisted format. Children were asked to report the
number of times they spent 415min in activities classified as
mild (3MET), moderate (5MET), or strenuous (9MET) in a
typical week. Total score was derived by multiplying the
frequency of each category by the MET value and summing
the products. Although the reported validity of this question-
naire with children is moderate, 0.32–0.42 (Sallis et al., 1993;
Scerpella et al., 2002), its relative simplicity facilitated its use
with children.

MC

MC was evaluated with the Kiphard–Schilling body coordina-
tion test, Körperkoordination Test für Kinder (KTK), devel-
oped on children in Germany (Schilling, 1974). The KTK
battery has four items:

[1] Balance – the child walks backward on a balance beam 3m
in length but of decreasing widths: 6, 4.5, 3 cm; the number
of successful steps is recorded.

[2] Jumping laterally – the child makes consecutive jumps
from side to side over a small beam (60 cm ! 4 cm ! 2 cm)
as fast as possible for 15 s. The child is instructed to keep
his/her feet together; the number of correct jumps is
recorded.

[3] Hopping on one leg over an obstacle – the child is
instructed to hop on one foot at a time over a stack of
foam squares. After a successful hop with each foot (the
child clears the square without touching it and continues to
hop on the same foot at least two times), the height is
increased by adding a square (50 cm ! 20 cm ! 5 cm). The
child has three attempts at each height and foot; the height
of the final successful jump is recorded.

[4] Shifting platforms – the child begins by standing with both
feet on one platform (25 cm ! 25 cm ! 2 cm supported on
four legs 3.7 cm high) and holding a second identical
platform in his/her hands; the child is instructed to place
the second platform alongside the first and to step on to it;
the first box is then lifted and placed alongside the second
and the child steps on to it; the sequence continues for 20 s.
Each successful transfer from one platform to the other is
given two points (one for shifting the platform, the other
for transfer the body); the number of points in 20 s is
recorded. If the child falls o! in the process, he/she simply
gets back on to the platform and continues the test.

Although some of the items appear to measure specific
components of motor performance, e.g., dynamic balance,
speed and agility, balance and power, the four tests loaded on
a single factor when analyzed with other items. Hence, the
authors utilized the four items together as a global indicator of

MC, the ‘‘motor quotient.’’ Each performance item was
scored relative to gender- and age-specific reference values
for the population upon which the KTK was established
(Schilling, 1974). The sum of the standardized scores for the
four items provides an overall motor quotient, which was used
as the indicator of MC.

PF

PF was assessed using five items (Safrit, 1995): speed – 50
yards dash, cardiorespiratory endurance – 1 mile walk/run,
agility – 10 yards shuttle run, explosive strength – standing
long jump and static strength – handgrip dynamometry. Tests
were administered at the schools in the following order with
su"cient rest between items: dash, handgrip strength, shuttle
run, long jump and run/walk. The same dynamometer was
used throughout the study and was regularly calibrated.

Quality control

All measurements and tests were taken during a 2-month
period in September and October of each year, thus reducing
potential seasonal variation. Reliability of measurements and
tests was estimated with intraclass correlations. Estimated
reliability was high for height and weight, 0.98 and 0.99,
respectively; moderately high for fitness items, 0.72–0.99 and
for MC test items, 0.75–0.91; and moderately high for esti-
mated level of PA, 0.75.

Statistical analysis

MC and PF were evaluated as predictors of PA in a hier-
archical linear model. Because repeated measures were nested
within subjects, the longitudinal data set was treated as
hierarchical. Consequently, there were predictors for subjects
(level 2) and for the trajectories of each subject (level 1). In
order to include initial MC scores as a second level predictor in
the analysis, children were divided into tertiles as low, middle
and high. This allows the analysis of changes in PA by level of
MC (low, middle and high) at baseline (6 years).

After testing all variables for normality, two-level hierarch-
ical linear models were tested, with PA as the dependent
variable (Table 1). The first two models evaluate the condi-
tions for using hierarchical linear techniques to model changes
in PA over time. The autoregressive structure of the covar-
iance matrix was tested in model 3. MC and PF variables and
their interactions were tested as predictors of PA in the other
models. Both level 1 and level 2 predictors were retained in the
models only if they had a significant e!ect. Maximum like-
lihood estimation was used with the HML5 statistical software
(Raudenbush et al., 2001). A robust standard errors estima-
tion analysis was used to control for the non-normality of
some variables. The decision about the model retained was
based on parsimony, using the Akaike Information Criterion
(Hox, 2002).

Results

Descriptive statistics for the BMI, skinfolds, MC, PF
items and PA at each observation are summarized in
Table 2. Boys have, on average, consistently higher
levels of MC and PA, and better performances on the
fitness items at each observation compared with girls.
The BMI is similar between boys and girls, but girls

Lopes et al.
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The relationship between exercise and cognition is an important topic of research that

only recently began to unravel. Here, we set out to investigate the relation between motor

skills, cognitive function, and school performance in 45 students from 8 to 14 years of

age. We used a cross-sectional design to evaluate motor coordination (Touch Test Disc),

agility (Shuttle Run Speed—running back and forth), school performance (Academic

Achievement Test), the Stroop test, and six sub-tests of the Wechsler Intelligence Scale

for Children-IV (WISC-IV). We found, that the Touch Test Disc was the best predictor of

school performance (R2 = 0.20). Significant correlations were also observed between

motor coordination and several indices of cognitive function, such as the total score of

the Academic Achievement Test (AAT; Spearman’s rho = 0.536; p ! 0.001), as well

as two WISC-IV sub-tests: block design (R = "0.438; p = 0.003) and cancelation

(rho= "0.471; p = 0.001). All the other cognitive variables pointed in the same direction,

and even correlated with agility, but did not reach statistical significance. Altogether, the

data indicate that visual motor coordination and visual selective attention, but not agility,

may influence academic achievement and cognitive function. The results highlight the

importance of investigating the correlation between physical skills and different aspects

of cognition.

Keywords: motor skills, child, educational status, physical exercise, executive functions

INTRODUCTION

Regular physical activity is well-known to promote several positive changes in health, including
cardio respiratory benefits, increased bone mineral density, and decreased risk of chronic
degenerative diseases (Garber et al., 2011). Exercise improves several physical fitness parameters
comprising a set of measurable health and skill-related attributes, such as cardio-respiratory
fitness, muscular strength and endurance, body composition, and flexibility. These health-related
components of physical fitness are recognized to be very important for public health (Garber et al.,
2011). Not least, agility andmotor coordination are physical attributes directly related to sports and
daily activities (Caspersen et al., 1985). Motor coordination comprises the harmonization of the
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(Hammer et al., 1991; Cole et al., 2000) The instruments used
were the Vonder Trena, (keychain model) brand with a length of
200 cm and a resolution of 1mm, set at a flat wall for assessment
of stature; Digital scale G-Tech with a precision of 1 kg, and a
resolution of 1 kg; Stopwatch Vollo (VL 237 model).

Touch Test Discs (TTD)
Evaluates Motor coordination, especially hand-eye coordination.
The test is performed on a rectangular wooden plank with 120 cm
wide by 60 cm wide. In the center of the board, it contains a
rectangle of 10 cm high by 20 wide and a circle of 20 cm in
diameter on each side with a distance of 5 cm between the figures
(Figure 1). The individual has to keep the non-dominant hand
in the central rectangle, and touch with the dominant hand in
the circle on the opposite side, crossing his arm over the other,
and come back to complete one cycle. Each attempt comprises 25
correct cycles, and the smallest time for completion out of three
attempts is considered (Gobbi et al., 2005).

Shuttle Run Speed—“Running Back and Forth” Test
Evaluates agility that consists in the ability to change the
position of the body or movement direction with velocity. For
its realization, a space of 5m is marked with tape on the ground.
The subject must perform five cycles, running back, and forth, to
complete the test. The result is written down with a precision of
tenths of seconds (Gobbi et al., 2005).

Statistical Analyses
The Kolmogorov-Smirnov test was used to evaluate the
Gaussianity of the variables. Linear regression was used to
analyze the unstandardized coe!cient of motor variables
predicting school performance (AAT). Moreover, Pearson
(parametric) and Spearman (non-parametric) correlation was
done to evaluate the correlation between motor and cognitive
variables. A Bonferroni correction adjusted the p-value in

FIGURE 1 | Touch Test Disc board (TTD).

relation to the number of correlations that were performed (p !

0.006). A one-way ANOVA was used to compare the dependent
variables among groups according BMI (normal" overweight"
obese). All statistical analyses were carried out using the SPSS R#

for Windows, Version 19.

RESULTS

Descriptive analyses are provided in Table 1. The participants
had a mean age of 10.40 years, and 57.78% were female.
Anthropometric measurements resulted in values, that compose
the BMI. The subjects were classified by BMI groups, being
55.56% in normal range by age, 28.89% overweight, and 15.56%
obese (Hammer et al., 1991; Cole et al., 2000). There were no
significant di"erences among BMI groups in all cognitive and
physical dependent variables as shown in Table 1. Surprisingly
neither of the tests that assess specifically the core EFs showed
significant correlation with TTD or Agility. Linear regression
was used to verify the association between motor variables
(TTD and agility test) and school performance (AAT). The
results showed that TTD is the best predictor of positive
results in school performance (R2 = 0.20). In agreement with
this evidence, a significant correlation between TTD and AAT
total was verified (Figure 2). Note, that shorter TTD times are
associated with better results in AAT. This suggests a presenting
influence of motor coordination in academic performance. TTD
also showed a negative correlation with Block design, thus
shorter times in TTD indicates higher scores in Block Design,
which demands spatial visualization and analysis, processing, and
visual-motor coordination (VMC). Moreover, TTD presented
a negative correlation with Cancelation, which requires visual
selective attention and processing speed, fine-motor coordination
(Figure 2). Altogether, the results indicate that shorter times
in the motor coordination test were associated with higher
academic achievement, and better scores in cognitive tasks
related to VMC. In addition, faster times in the agility test
correlated with better results in the cognitive tests. Scores in
the agility test presented negative parametric correlation with
Block Design, Cancelation, and a non-parametric correlation
with Digit Forward. However, none of these correlations reached
statistical significance after Bonferroni correction for the number
of comparisons (Table 2).

DISCUSSION

The findings of the present study suggest that a specific aspect
of motor skills, namely motor coordination, is directly related to
the academic achievement and among the variables investigated,
the best predictor was motor coordination evaluated by TTD.
Contrary to our expectation, neither of the tests that assess
specifically the core EFs (Number and Letter Sequence, Digit
forward, Digit Backward, and Stroop test) showed significant
correlation with TTD or Agility. Moreover, agility does not
associate with academic achievement and cognitive skills.
These results corroborate a recent systematic review about
relationship between cognitive and motor skills in children
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Capacità coordinative
Capacità dell’uomo, primariamente
determinate da processi di controllo
e regolazione dei movimenti (Hirtz,

1981)

Determinate dai processi di controllo
e di regolazione del movimento, cioè
da processi formativi (Blume 1981)

Motor coordination (Sport science and training)
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Capacità coordinative

• Capacità di abbinamento -

coordinazione segmentaria

• Capacità di differenziazione

• Capacità di orientamento

• Capacità di equilibrio

• Capacità di reazione

• Capacità di trasformazione

• Capacità di ritmo

https://it.wikipedia.org/wiki/Coordinazione_motoria
https://abruzzo.coni.it/images/abruzzo/Capacità_motorie.pdf
https://liguria.coni.it/images/liguria/Abilità_motorie_e_capacità_coordinative.pdf

Motor coordina2on (Sport science and training)

https://it.wikipedia.org/wiki/Coordinazione_motoria
https://abruzzo.coni.it/images/abruzzo/Capacit%C3%A0_motorie.pdf
https://liguria.coni.it/images/liguria/Abilit%C3%A0_motorie_e_capacit%C3%A0_coordinative.pdf


Motor coordination (Ecological perspective)

Kimura et al. The Biomechanical Concept of Coordination

FIGURE 3 | Overview of uncontrolled manifold (UCM) analysis in multidimensional space during reaching task. The state space is spanned by three variables (joint

angles: !1, !2, !3). The blue nonlinear line shows the solution manifold, the set of variables that achieve the task result with zero error. In a repetition of reaching task,

the UCM analysis decomposed the variables of each trial (!i_trial ) into two components around the average (! ). One component lies parallel to the solution manifold (!||)

and the other component lies perpendicular to the solution space (!!).

FIGURE 4 | Phase transition during a rhythmical finger movement task. The experiment required participants to oscillate their index fingers to the frequency of the

metronome in either in-phase or anti-phase. The participants oscillate their index fingers in the anti-phase pattern at a low frequency, and as the frequency was

gradually increased, the phase pattern switches to an in-phase pattern at a certain critical frequency. This switching of the phase pattern is called a phase transition.

Coordination as a Correction of the Deviations in
Elements
Insights gained from the ecological perspective have been
successfully applied to a variety of fields. In particular, they have
influenced the way that scientists view movement variability
during repetition of a motor task (Hamill et al., 1999; Davids
et al., 2003; Bartlett et al., 2007; Stergiou and Decker, 2011;
Preatoni et al., 2013). According to traditional theory, movement
variability was thought to be due to noise in the CNS. Thus,
it was suggested that movement variability may emerge as an
unwanted source of error that should be eliminated or reduced

(Fitts, 1954; Schmidt et al., 1979; Harris and Wolpert, 1998; Van
Beers et al., 2002). However, today, it is thought that movement
variability does not only include an unwanted source of error
(Müller and Sternad, 2003, 2004, 2009; Cohen and Sternad,
2009; Sternad, 2018). For example, in the reaching movement,
the joint angles are slightly di!erent in every trial. Despite this,
the hand reaches the desired position and the reaching task is
successful in every trial. It can therefore be expected that the
joint angles are related such that the deviations in joint angles are
canceled out, leading to a relatively invariant final hand position
(Müller and Sternad, 2003). This relation between joint angles is
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• The coordination between is a temporary
functional grouping of elements that emerges
without input from a controller via self-organizing
processes.

• Coordination is called self-organized coordination.
• Self-organization is a process in which the order

emerges solely from the interactions between
elements and their surrounding environment,
situation, and context.

(Haken et al., 1985)



Motor coordination
(Biomechanics - motor control & learning)

“Although a common colloquial use of the term coordination relates
it to a characteristic of skilled performance, it should not be limited
to this use.”



Motor coordination
(Biomechanics - motor control & learning)

“Coordination refers to the organizational relationship of movement
characteristics of the head, body, and limb involved in the
performance, regardless of the skill level of the performer.”

“When we consider the assessment of movement characteristics of
the performance of a skill, it is necessary to consider coordination as
referring to the relationship among the head, body, and/or limbs at
a specific point in time during the skill performance.”

(Magill and Anderson, 2017)
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Clarifying the Biomechanical
Concept of Coordination Through
Comparison With Coordination in
Motor Control
Arata Kimura*, Toshiharu Yokozawa and Hiroki Ozaki

Department of Sports Research, Japan Institute of Sports Sciences, Tokyo, Japan

Coordination is a multidisciplinary concept in human movement science, particularly in

the field of biomechanics andmotor control. However, the term is not used synonymously

by researchers and has substantially different meanings depending on the studies.

Therefore, it is necessary to clarify the meaning of coordination to avoid confusion. The

meaning of coordination in motor control from computational and ecological perspectives

has been clarified, and the meanings differed between them. However, in biomechanics,

each study has defined the meaning of the term and the meanings are diverse, and

no study has attempted to bring together the diversity of the meanings of the term.

Therefore, the purpose of this study is to provide a summary of the different meanings

of coordination across the theoretical landscape and clarify the meaning of coordination

in biomechanics. We showed that in biomechanics, coordination generally means the

relation between elements that act toward the achievement of a motor task, which

we call biomechanical coordination. We also showed that the term coordination used

in computational and ecological perspectives has two different meanings, respectively.

Each one had some similarities with biomechanical coordination. The findings of this

study lead to an accurate understanding of the concept of coordination, which would help

researchers formulate their empirical arguments for coordination in a more transparent

manner. It would allow for accurate interpretation of data and theory development. By

comprehensively providing multiple perspectives on coordination, this study intends to

promote coordination studies in biomechanics.

Keywords: biomechanics, conceptual analysis, coordination, motor control, performance enhancement

INTRODUCTION

Coordination is one of the central concepts in human movement science, especially in the field
of biomechanics and motor control. Then, is there a common idea of coordination in these
fields? Even though we believe there are more similarities than most people appreciate, there
may be di!erences as well. Therefore, this study will focus on the denotation and connotation of
coordination in these fields.

Biomechanics is a field that aims to identify the function of elements (e.g., muscles, joint
movements) involved in achieving motor tasks. This identification is expected to provide
information on improving movement and making it safer. However, because the musculoskeletal



Motor coordination
(Biomechanics - motor control & learning)

Func%onal relaEonships between elements for the achievement
of a motor task

Muscle coordinaEon as the distribuEon of muscle acEvaEon or
force among individual muscles to produce a given motor task
(Zatsiorsky & Prilutsky, 2012)

CoordinaEon = Synergy
(Zajac, 2022; Winter, 2009)

1
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FIGURE 1 | Postural stability in the left-right direction during quiet standing. Keeping the center of mass (COM) within the base of support is a functional requirement

to maintain quiet standing. The functional requirement is met by the coordination of the left and right hip abductors/adductors moments. When the COM is located at

the left end of the base of support, the right abductor moment increases and the left abductor moment decreases. Also, when the COM is located at the right end of

the base of support, the left abductor moment increases and the right abductor moment decreases. This relationship between the moments allows the COM to be

kept within the base of support.

requirement to maintain quiet standing. Here, for the sake of
simplicity, we focus only on the position of the COM in the
left-right direction. Using two force platforms and performing
inverse dynamics, it was found that the position of the COM
was controlled by the left and right hip abductor/adductor
moments (Winter et al., 1996). Furthermore, the left and
right hip abductor/adductor moments were exactly equal in
magnitude and 180! out of phase (Winter et al., 1996). These
results indicated that an increased abductor moment on one
side was accompanied by decreased abductor moments on the
contralateral side (Figure 1). The relationship between these
moments led to a stable left-right balance and quiet standing
was maintained. It can, thus, be concluded that these moments
were coordinated.

As the definition suggests, biomechanical coordination has
a fairly inclusive meaning. Therefore, several terms are similar
to biomechanical coordination: “cooperation,” “collaboration,”
and “compensation.” These terms, of course, have broader

meanings. For instance, cooperation usually implies association
for common benefit; collaboration often connotes working
together to achieve something; compensation usually implies
the correction of loss. Although these words have their own
connotations, an important part of each involves the relation
between elements to achieve a common goal. It is sometimes
useful to consider all these terms as di!erent forms of
biomechanical coordination.

To identify biomechanical coordination, at least the following
two factors should be met, as also noted by Latash and
Zatsiorsky (2015). First, the elements must be related rather
than independent, i.e., the elements have to do something
together. Second, the related elements act toward meeting the
functional requirements. Even if elements are related, they are
not coordinated if they do not act toward meeting the functional
requirements. Also, even if each element acts toward meeting
the functional requirements, they are not coordinated if they are
not related.
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Motor coordina2on
(Biomechanics - motor control & learning)

Coordination as the coupling of muscle activation pattern.
(Larivière & Arsenault, 2008; Donath et al., 2015)

Does not explicitly include acting toward a specific goal

2

Inter- and extra-
muscular coordination
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CoordinaEon as the coupling of muscle acEvaEon paGern.
(Larivière & Arsenault, 2008; Donath et al., 2015)

Does not explicitly include acEng toward a specific goal

2
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206-213 bones ~ 650 muscles
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~ 30 bones

8 joints
(> 20 w/ hand)

27 muscles
(> 50 w/ hand + scapulae)

~ 30 bones

6 joints
(> 20 w/ foot)

28 muscles
(> 50 w/ foot + hip)
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A Brief History of Movement Studies 37

a motoneuron sends a signal (called an action potential) to the muscle, the signal 
is received by a group of muscle ! bers. Such groups serve as units of muscle 
 activation, since all the ! bers within a group always respond together when 
their alpha-motoneuron generates an action potential. Quite appropriately, these 
groups are called motor units. The CNS can modify muscle force by changing 

M = !Fi !Ri

Figure 2.3. A joint crossed by three " exor and three extensor muscles. There is an in! nite 
number of ways muscle forces may be combined to produce a required magnitude of joint 
moment of force: M ! "FiRi, where i corresponds to different muscles (i ! 1, 2, …, 6), F is 
muscle force, and R stands for the lever arms.

Motor unit

Muscle fibers

Alpha-motoneuron

Axon

Terminal branches

Figure 2.4. A muscle is composed of motor units. Each motor unit (the top drawing) 
consists of neural cells (alpha-motoneuron) and a group of muscle ! bers that receive sig-
nals from the terminal branches of the axon of that neural cell. A muscle is innervated by 
many alpha-motoneurons (bottom).
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Nikolai A. Bernstein (1947)
Problem of the redundancy of the degrees of 
freedoms
The human body has a greater number of
degrees of freedom than necessary to
successfully perform motor tasks
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FIGURE 2 | The concept of the muscle synergy hypothesis. Because the human body has a greater number of degrees of freedom to successfully perform the motor

task, it is believed that the central nervus system (CNS) is always faced with the problem of choosing a certain combination from an infinite number of possibilities. It

implies that the CNS needs to perform a large amount of computation. To address this problem, CNS is believed to adopt a control strategy that reduces the number

of degrees of freedom requiring control, i.e., the muscle synergy hypothesis. The muscle synergy hypothesis is based on the assumption that the CNS controls

synergies composed of multiple muscles, rather than individual muscles separately. With this control strategy, the CNS may be less computationally demanding than

when controlling individual muscles.

activities in pointing movements. These studies concluded that
muscle activation patterns were captured by a small number of
time-varying synergies, suggesting that the CNS exploited this
low dimensionality to simplify control.

Some researchers argue that muscle synergy reflects the
basic aspects of muscle activation, but this argument has been
criticized because there is a lack of direct evidence for the
neural implementation of muscle synergy in the CNS (Hart
and Giszter, 2010; Overduin et al., 2012; Cheung and Seki,
2021). This criticism suggests that muscle synergy is likely
an artifact that relies on certain assumptions employed by
the algorithm for separating the activations of the synergy.
However, recent electrophysiological experiments have provided
evidence that the activations of muscle synergy are expressions
of neural activity (Hart and Giszter, 2010; Yakovenko et al.,
2011; Overduin et al., 2012; Takei et al., 2017; Yaron et al.,
2020). During voluntary hand movements, the muscle fields
of premotor interneurons in the primate cervical spinal cord

were not uniformly distributed across the hand muscles but
rather distributed as clusters corresponding to muscle synergy.
Using frog spinal cords, Hart and Giszter (2010) demonstrated
that premotor interneurons have divergent output projections
to motoneurons of muscles that match the muscle synergies
identified from the electromyography of motor behaviors. These
findings directly support the idea that muscle synergy is not an
artifact but reflects the basic aspects of muscle activation.

Breaking Away From the View of Coordination as a
Relation That Eliminates Redundancy
A di!erent definition of synergy (often referred to as
coordination) was provided at the end of the last century
(Gelfand and Latash, 1998) and was later sophisticated by
Latash and colleagues (Latash et al., 2007; Latash, 2012). They
deviated from the view of synergy as a relation between elements
to solve the computational problem on the CNS. Latash and
colleagues described synergy as not related to a reduction of the
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(Biomechanics - motor control & learning)

(Tresch et al., 1999, 2006; d’Avella et al., 2003, 2006; Hart and
Giszter, 2004; Ivanenko et al., 2004; Ting and Macpherson, 2005;
Tresch and Jarc, 2009; Cheung et al., 2012)
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across tasks. However, finding optimal solutions may be
challenging, as muscle activation patterns have complex and
nonlinear relationships to biomechanical functions (Cullins
et al., 2015).

Motor modules may reflect ‘‘good-enough’’ solutions for
movement that provide stable and predictable motor outputs.
Experimental evidence demonstrates that individuals exhibit
consistent motor modules in seemingly variable muscle activa-
tion patterns across multiple muscles and motor behaviors, as
well as across species (Bizzi et al., 2008; Chvatal and Ting,
2013; Chvatal et al., 2011; d’Avella et al., 2003; Giszter et al.,
2007; Ting, 2007; Ting and McKay, 2007; Torres-Oviedo
and Ting, 2010). Different stable solutions can be identified
throughout a lifetime. For example, default patterns for move-
ment are established in the embryonic stage, during which spon-
taneous motor activity, such as kicking and flailing, is observed
(Bekoff, 2001). These movement patterns are available at birth
and can allow a fawn to run minutes after it is born. Human
infants are born with the capacity for stepping and kicking
(Yang et al., 2004); through exploration (Smith and Thelen,
2003), movement patterns are refined, and more are created
throughout development (Dominici et al., 2011). Models of spinal
circuitry and biomechanics suggest that ‘‘good-enough’’ (i.e.,
suboptimal) solutions for movement can be found in just a few
iterations of random searching (Tsianos et al., 2014); once
found, these solutions are likely to be reinforced by use-depen-
dent neural plasticity.
Principle of Motor Structure: Motor Modules Reflect Biomechan-
ical Task Relevance. The biomechanical affordances and
constraints of the body and environment shape the allowable

Figure 2. Motor Modules Define Functional
Co-activation of Muscles
For walking, descending commands from the
spinal cord, brainstem, and cortex can modulate
spinal motor modules. Each motor module
selectively co-activated multiple muscles with a
characteristic level of activation (colored bars) to
produce the mechanical output needed to achieve
a given locomotor subtask (Clark et al., 2010;
Neptune et al., 2009). The particular timing of
recruitment (colored lines, top right) can vary
across steps, across gait speeds, and environ-
mental demands. The activity of individual mus-
cles express unique temporal patterns of activity
(black lines, bottom right) due to their different
contributions to different motor modules (colored
lines, bottom right).

structure and variability of motor pat-
terns. Biomechanical affordances refer
to the types of movements that are facili-
tated by body structure. Body structures
define ways of moving that require little
energy or neural control to produce. For
example, simulations and robots that
mimic the structure of the body can pro-
duce walking-like behaviors with little
energy and without muscles or joint actu-
ators (Collins et al., 2005; Kuo, 2007).

Biomechanical constraints refer to movements that may be
difficult or impossible to achieve with a given structure, or they
refer to the required neural input to achieve a movement, e.g.,
the precise timing or activity of a particular muscle. In walking,
biomechanical constraints limit knee extension and place con-
straints on step length in backward walking. The basic structure
of motor patterns during a particular gait is defined by the
sequence of subtasks: placing the foot on the ground, pushing
against the ground for propulsion, and swinging the limb for-
ward. Each subtask defines certain co-activation patterns of
muscle activation across the limb (van Antwerp et al., 2007;
Zajac, 2002). Biomechanical affordances and constraints deter-
mine how precise or variable these motor patterns must be. For
example, in a simulation of single-legged locomotion, biome-
chanical ‘‘bottlenecks’’ and ‘‘don’t-care’’ regions were identified
that predicted the precision and variability of locomotor solutions
found by a genetic algorithm. The highest fitness solutions all
exhibited precise timing at the ‘‘bottleneck’’ of placing the leg
and pushing it backward, which had a large effect on movement
efficiency. In contrast, the solutions showed high variability in the
‘‘don’t-care’’ region late in the stance phase, during which the
model leg continued to move backward but was no longer able
to exert force (Beer et al., 1999). For example, distributions of
motor neuron activation duration vary from one individual to
another in Aplysia feeding behavior, but when motor neuron
duration and timing play a critical role in a behavior such as the
animal closing its grasper to retract food, the distributions
become similar across all individuals (Cullins et al., 2015). In
contrast, there is high variability in the duration of motor neuron
activity to close the grasper if the animal fails to grasp food, as
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Figure 3. Different Motor Modules Deficits and Improvements in SCI, Stroke, and PD
Colored bars represent motor modules, with the height of each bar representing the extent to which an individual muscle is part of that motor module. Color of
motor modules across conditions and/or populations (e.g., able-bodied to pre-SCI) represents similarity between motor modules.
(A) SCI disrupts both descending connectivity and spinal organization. Accordingly, motor modules resembling those found in able-bodied individuals are
reduced after incomplete SCI, and additional motor modules characterized by co-contraction can emerge (data not shown) (Hayes et al., 2014a). After reha-
bilitation, motor modules may be reshaped and better resemble those in able-bodied individuals (H.B. Hayes et al., 2012, Soc. Neurosci., abstract). In animals
with complete spinal cord transection, a few motor modules can account for a large degree of variance in muscle activity for reactive balance in response to
support surface translations (Chvatal et al., 2013). In the intact condition, the 95% confidence intervals of the total variance explained by an increasing number of
motor modules are significantly different from the 95% confidence intervals of the total variance explained in randomly shuffled data, indicative of consistent

(legend continued on next page)
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Motor Synergy (Coordination)
“Neural organization that ensures co-variation among elemental
variables (along time or across repetitive attempts at a task) that
stabilizes the value or time profile of the performance variable.”
(Latash, 2010)
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that the variability of the trajectory of the tip of the hammer across a series of 
strikes by a blacksmith was smaller than that of the trajectories of individual 
joints of the subject’s arm holding the hammer (Figure 2.1). Note that at any time 
during the striking movement, a deviation of any joint from its average angular 
trajectory was expected to produce a larger spatial deviation of the tip of the 
hammer, compared to deviations of markers placed over individual arm joints 
from their respective spatial trajectories. Since, apparently, the brain could not 
send signals directly to the hammer, Bernstein concluded that the joints were not 
acting independently but correcting each other’s errors. This observation sug-
gested that the CNS did not follow a unique solution for the problem over repeti-
tive strikes but rather used a whole variety of joint trajectories to ensure more 
accurate (less variable) performance of the task.

During the same period, Bernstein performed, from my subjective point of 
view, one of his most amazing studies (Bernstein and Popova 1930; Kay et al. 
2003). He placed electric bulbs over major joints of the arms and hands of pro-
fessional pianists and recorded their motion during the task of octave strike at 

Da

DX1

DXEP

Figure 2.1. When a blacksmith hits an object with the tip of the hammer, small errors 
in proximal joint angles (!") are expected to lead to larger deviations of the endpoint 
(!XEP, the tip of the hammer) than of more proximal joints (!X1).
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Motor Synergy (Coordination)
“Neural organization that ensures co-variation among elemental
variables (along time or across repetitive attempts at a task) that
stabilizes the value or time profile of the performance variable.”
(Latash, 2010)
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Motor coordination
Kimura et al. The Biomechanical Concept of Coordination

FIGURE 1 | Postural stability in the left-right direction during quiet standing. Keeping the center of mass (COM) within the base of support is a functional requirement

to maintain quiet standing. The functional requirement is met by the coordination of the left and right hip abductors/adductors moments. When the COM is located at

the left end of the base of support, the right abductor moment increases and the left abductor moment decreases. Also, when the COM is located at the right end of

the base of support, the left abductor moment increases and the right abductor moment decreases. This relationship between the moments allows the COM to be

kept within the base of support.

requirement to maintain quiet standing. Here, for the sake of
simplicity, we focus only on the position of the COM in the
left-right direction. Using two force platforms and performing
inverse dynamics, it was found that the position of the COM
was controlled by the left and right hip abductor/adductor
moments (Winter et al., 1996). Furthermore, the left and
right hip abductor/adductor moments were exactly equal in
magnitude and 180! out of phase (Winter et al., 1996). These
results indicated that an increased abductor moment on one
side was accompanied by decreased abductor moments on the
contralateral side (Figure 1). The relationship between these
moments led to a stable left-right balance and quiet standing
was maintained. It can, thus, be concluded that these moments
were coordinated.

As the definition suggests, biomechanical coordination has
a fairly inclusive meaning. Therefore, several terms are similar
to biomechanical coordination: “cooperation,” “collaboration,”
and “compensation.” These terms, of course, have broader

meanings. For instance, cooperation usually implies association
for common benefit; collaboration often connotes working
together to achieve something; compensation usually implies
the correction of loss. Although these words have their own
connotations, an important part of each involves the relation
between elements to achieve a common goal. It is sometimes
useful to consider all these terms as di!erent forms of
biomechanical coordination.

To identify biomechanical coordination, at least the following
two factors should be met, as also noted by Latash and
Zatsiorsky (2015). First, the elements must be related rather
than independent, i.e., the elements have to do something
together. Second, the related elements act toward meeting the
functional requirements. Even if elements are related, they are
not coordinated if they do not act toward meeting the functional
requirements. Also, even if each element acts toward meeting
the functional requirements, they are not coordinated if they are
not related.

Frontiers in Sports and Active Living | www.frontiersin.org 3 October 2021 | Volume 3 | Article 753062

across tasks. However, finding optimal solutions may be
challenging, as muscle activation patterns have complex and
nonlinear relationships to biomechanical functions (Cullins
et al., 2015).

Motor modules may reflect ‘‘good-enough’’ solutions for
movement that provide stable and predictable motor outputs.
Experimental evidence demonstrates that individuals exhibit
consistent motor modules in seemingly variable muscle activa-
tion patterns across multiple muscles and motor behaviors, as
well as across species (Bizzi et al., 2008; Chvatal and Ting,
2013; Chvatal et al., 2011; d’Avella et al., 2003; Giszter et al.,
2007; Ting, 2007; Ting and McKay, 2007; Torres-Oviedo
and Ting, 2010). Different stable solutions can be identified
throughout a lifetime. For example, default patterns for move-
ment are established in the embryonic stage, during which spon-
taneous motor activity, such as kicking and flailing, is observed
(Bekoff, 2001). These movement patterns are available at birth
and can allow a fawn to run minutes after it is born. Human
infants are born with the capacity for stepping and kicking
(Yang et al., 2004); through exploration (Smith and Thelen,
2003), movement patterns are refined, and more are created
throughout development (Dominici et al., 2011). Models of spinal
circuitry and biomechanics suggest that ‘‘good-enough’’ (i.e.,
suboptimal) solutions for movement can be found in just a few
iterations of random searching (Tsianos et al., 2014); once
found, these solutions are likely to be reinforced by use-depen-
dent neural plasticity.
Principle of Motor Structure: Motor Modules Reflect Biomechan-
ical Task Relevance. The biomechanical affordances and
constraints of the body and environment shape the allowable

Figure 2. Motor Modules Define Functional
Co-activation of Muscles
For walking, descending commands from the
spinal cord, brainstem, and cortex can modulate
spinal motor modules. Each motor module
selectively co-activated multiple muscles with a
characteristic level of activation (colored bars) to
produce the mechanical output needed to achieve
a given locomotor subtask (Clark et al., 2010;
Neptune et al., 2009). The particular timing of
recruitment (colored lines, top right) can vary
across steps, across gait speeds, and environ-
mental demands. The activity of individual mus-
cles express unique temporal patterns of activity
(black lines, bottom right) due to their different
contributions to different motor modules (colored
lines, bottom right).

structure and variability of motor pat-
terns. Biomechanical affordances refer
to the types of movements that are facili-
tated by body structure. Body structures
define ways of moving that require little
energy or neural control to produce. For
example, simulations and robots that
mimic the structure of the body can pro-
duce walking-like behaviors with little
energy and without muscles or joint actu-
ators (Collins et al., 2005; Kuo, 2007).

Biomechanical constraints refer to movements that may be
difficult or impossible to achieve with a given structure, or they
refer to the required neural input to achieve a movement, e.g.,
the precise timing or activity of a particular muscle. In walking,
biomechanical constraints limit knee extension and place con-
straints on step length in backward walking. The basic structure
of motor patterns during a particular gait is defined by the
sequence of subtasks: placing the foot on the ground, pushing
against the ground for propulsion, and swinging the limb for-
ward. Each subtask defines certain co-activation patterns of
muscle activation across the limb (van Antwerp et al., 2007;
Zajac, 2002). Biomechanical affordances and constraints deter-
mine how precise or variable these motor patterns must be. For
example, in a simulation of single-legged locomotion, biome-
chanical ‘‘bottlenecks’’ and ‘‘don’t-care’’ regions were identified
that predicted the precision and variability of locomotor solutions
found by a genetic algorithm. The highest fitness solutions all
exhibited precise timing at the ‘‘bottleneck’’ of placing the leg
and pushing it backward, which had a large effect on movement
efficiency. In contrast, the solutions showed high variability in the
‘‘don’t-care’’ region late in the stance phase, during which the
model leg continued to move backward but was no longer able
to exert force (Beer et al., 1999). For example, distributions of
motor neuron activation duration vary from one individual to
another in Aplysia feeding behavior, but when motor neuron
duration and timing play a critical role in a behavior such as the
animal closing its grasper to retract food, the distributions
become similar across all individuals (Cullins et al., 2015). In
contrast, there is high variability in the duration of motor neuron
activity to close the grasper if the animal fails to grasp food, as
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Motor learning: Definition

It is a set of processes associated with prac/ce or
experience leading to rela/vely permanent changes in
the capability of movement.
(Schmidt & Lee, 2005)



Motor learning: Definition

(Wolpert et al., 2011; Krakauer et al., 2019)

Input)

Decision making

Planning

Execution

Movement preparation



Skill acquisi=on
• The processes by which an individual acquires the ability to

rapidly idenEfy an appropriate movement goal given a
parEcular task context …

• Select the correct acEon given a sensory sEmulus and/or the
current state of the body and the world …

• And execute that acEon with accuracy and precision

Skill maintenance
The ability to maintain performance levels of exisEng skills
under changing condiEons.

Motor learning: Definition

(Krakauer et al., 2019)



Motor learning: Characteristics

Improvement: performance of a
skill shows improvement over a
period of time.

Consistency: performance becomes
increasingly more consistent.

Persistence: the improved
performance capability is marked by
an increasing amount of
persistence.



Stability: a person increases the
capability to perform the skill
despite the perturbations that exist.

Adaptability: the improved 
performance is adaptable to a 
variety of performance context 
characteris;cs.

Reduction of attention demand: as
a person learns a skill there is a
reduction in the amount of attention
demanded to perform the skill

Motor learning: Characteristics



Learning curve

(Fleishman & Rich,1963)

(Queseda & Schmidt,1970)
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Figure 2. Mean total time measures in seconds computed in three trial blocks and collapsed
over sex and tasks for acquisition blocked and random groups and retention conditions [These
conditions represent the acquisition blocked group when tested in the retention blocked (blocked-
blocked) and random (blocked-random) sequences and the acquisition random group when
tested in the retention blocked (random-blocked) and random (random-random) sequences]

Figure 2 shows that the blocked group
performed considerably faster than the
random group during the early acquisition
trials. There was little decrease in TT for
the blocked group over trials, whereas the
TT for the random group decreased greatly
over trials so that there was little difference
between the two groups on the final block of
trials. Table 1 shows mean TT, RT, and
MT measures, F ratios, and MSe terms
for the acquisition groups for the acquisition
analyses. The analysis of variance per-
formed on TT measures showed significant
effects for acquisition groups, F(\, 68) =
45.61 (MS. = 45.25), trial blocks, P(S,
340) = 52.63 (MSe = 14.50), and the Ac-
quisition Groups X Trials Blocks interac-
tion, F(S, 340) = 26.35 (MS, = 7.26). The
results of the analyses performed on RT
and MT measures paralleled those of TT,
with the exception that sex, F(l, 68) = 4.26
(MSe = 3.39), was significant for MT
measures. This was due to the faster MT
for male subjects (M - 1.17 sec) than for
female subjects (M = 1.27 sec). An inspec-
tion of the mean TT, RT, and MT measures
for the first acquisition trial revealed that

the contextual interference effects were pres-
ent on the first trial of practice. Thus, the
onset of the interference effects during prac-
tice was immediate. This finding is con-
sistent with that expected, since subjects in
the random group were uncertain as to
which of the three tasks they would be re-
quired to perform and were therefore un-
able to plan their movements in advance of
the onset of the stimulus light. Subjects in
the blocked group, however, were certain
which task they would be required to per-
form and were thus able to preplan their re-
sponse, which could then be initiated im-
mediately upon the presentation of the
stimulus light. The analysis of error data
showed that the blocked group (M — 4.42)
had less than half as many errors as the
random group (M = 9.13), F(l, 68) =
23.75 (MSe = 16.90).

Retention

A five-way analysis of variance over ac-
quisition groups, retention interval, sex,
task, and retention sequences was performed
on TT, RT, and MT measures for retention.

180 JOHN B. SHEA AND ROBYN L. MORGAN

There has been little research concerned
with contextual interference in the learning
of motor skills, except for a few studies
concerned with the order of practice of two
or more skills, comparing blocked (low con-
textual interference) with random (high
contextual interference) sequences of prac-
tice. Such studies have generally been in-
conclusive in determining the effects of con-
textual interference on skill acquisition and
retention (Allen, 1948; Dunham, 1977,
1978). Other research has been concerned
with investigating the prediction of
Schmidt's (1975) schema theory that in-
creased amounts of practice with a number
of similar tasks, as well as the variability of
this practice, will result in positive motor
transfer to a novel variation of the tasks.
These studies (McCracken & Stelmach,
1977; Newell & Shapiro, 1976) have pro-
vided somewhat weak support for Schmidt's
prediction, showing that transfer occurs only
for tasks within the dimensions of the
originally learned tasks and that this in-
creased transfer effect appears to be quite
transient in nature.

The purpose of the present study was to
investigate the effects of random, as com-
pared with blocked, practice sequences on
the acquisition and retention of three similar
motor skills. Retention was measured after
a 10-min. delay or a 10-day delay and under
either the same or different contextual con-
ditions as acquisition. Also investigated
were the effects of contextual interference
during acquisition on subsequent transfer
to a task of either the same complexity or
greater complexity than the originally
learned tasks. Since other motor skills stud-
ies concerning variability of practice have
either confounded the number of tasks prac-
ticed and the number of acquisition trials
(McCracken & Stelmach, 1977; Newell &
Shapiro, 1976) or have not clearly manipu-
lated the task dimension being practiced
(Dunham, 1977, 1978), this study repre-
sents the first strong test of Battig's con-
ceptualization in motor skills. In addition,
no other motor skill studies have investi-
gated the effects of changing the contextual
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Figure 1. Diagram showing the apparatus used
in the experiment form the perspective of the sub-
ject.

conditions between acquisition and retention
on performance.

Method

Subjects

Subjects were 72 right-handed students (36
males and 36 females) at the University of
Colorado. All subjects were unpaid volunteers
from physical education service program classes.

Tasks and Apparatus

Figure 1 depicts the apparatus used in the ex-
periment. A total of six tasks was performed
by each subject. In each task, following a yellow
warning light, the subject was required to re-
spond as quickly as possible to a stimulus light.
Using the right hand, the subject released the
start button and grasped a tennis ball that was
supported in the first of two holes located on the
midline of the apparatus and directly behind the
start button. While holding the tennis ball, the
subject then knocked down a specified number of
six freely moveable barriers in a prescribed order.
Three barriers were positioned on each side of
the top surface of the apparatus so that they faced
the midline of the apparatus and were opposite one
another. The order in which the barriers were to
be knocked down was different for each task.
These orders were prescribed by diagrams that
were located directly behind the stimulus lights
and attached to the front of a barrier that was
constructed to shield the subject's view of the ex-
perimenter's activity. The top edge of each dia-
gram was marked with the color of the stimulus
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light to which the diagram was to be paired.
After knocking down the barriers, the subject re-
turned the tennis ball to the second hole (located
directly behind the first hole) in the top surface
of the apparatus. Four millisecond timers (Hunter
Klockcounter, model 120 A), located behind the
shield and out of view of the subject, were used
to time various components of the task. In addition
to the millisecond timers, a switch was located
behind the shield, allowing the experimenter to
present the warning light, followed by the ap-
propriate stimulus light, on each trial. The ap-
paratus was wired so that the four timers started
on the presentation of a stimulus light by the ex-
perimenter. One timer stopped on the completion
of each of the first three components of a task.
These components were the release of the start
button, the grasp of the tennis ball, and the knock-
ing down of the first designated barrier. The fourth
timer was stopped on completion of the task by
placement of the tennis ball into the second hole of
the apparatus. The entire apparatus was supported
on a wooden table that stood at about the waist
level of a standing subject.

All subjects initially performed a pretest task.
This task consisted of knocking down the right
front barrier followed by the left front barrier
and was paired with a red stimulus light.

Three tasks were practiced during acquisition
trials. The acquisition tasks consisted of knocking
down three barriers in one of the following orders:
(a) right rear, left middle, and right front; (b)
right front, left middle, and right rear; (c) left
front, right middle, and left rear. Each of the
acquisition tasks was paired with a different
color stimulus light. Stimulus lights were blue,
red, and white for Tasks 1, 2, and 3, respectively.
The same three tasks practiced during acquisition
trials were perforemed on retention trials.

Two tasks different from those practiced during
acquisition trials were performed on transfer trials.
Transfer Task 1 was paired with a green stimulus
light and consisted of knocking down three bar-
riers in the following order: right rear, left rear,
and right middle. Transfer Task 2 was paired with
a black stimulus light and consisted of knocking
down five barriers in the following order: left
front, right rear, left middle, right middle, and left
rear. Transfer Task 1 was considered to be of the
same complexity and Transfer Task 2 was con-
sidered to be of greater complexity than the ac-
quisition tasks. This judgment was based on the
assumption that task complexity was related to
the number of barriers knocked down or direc-
tional changes in movement required to perform a
task, and is generally consistent with previous
motor-skills research concerning task complexity
(Hayes & Marteniuk, 1976).

Design
Based on pretest task performance, subjects were

assigned to either a low contextual interference
(blocked) acquisition group or a high contextual

interference (random) acquisition group in an at-
tempt to make the initial ability of the two groups
equal. An equal number of males and females were
assigned to each group.

A total of 54 acquisition trials was administered
to both acquisition groups in three sets of 18 trials,
one set for each of the acquisition tasks. Sub-
jects in the blocked group always completed all
trials on one task before the next task was intro-
duced. The order in which the tasks were adminis-
tered was counterbalanced across subjects by the
use of a Latin square. Subjects in the random
group were given acquisition trials on the three
tasks in an unsystematic sequence such that 6
trials on each of the three acquisition tasks were
included in each set of 18 trials. The sequencing of
trials for each task within each set of trials pro-
vided that no more than 2 trials on the same task
would occur consecutively. Thus, the greatest pos-
sible amount of contextual interference was pro-
vided. These experimental manipulations resulted
in a 2 (acquisition groups) X 3 (tasks) X 2 (sex)
X 18 (trials) factorial design for acquisition with
repeated measures on the second and fourth
factors.

Half of the subjects (9 males and 9 females)
in each of the acquisition groups received 18 reten-
tion trials after a 10-min. delay, whereas the other
half of the subjects received 18 retention trials
after a 10-day delay. A total of 6 trials was per-
formed on each of the three acquisition tasks
during the retention test. Nine trials (3 per task)
were administered in a blocked sequence, and 9
trials (3 per task) were administered in a random
sequence. The order in which the blocked and
random sequences were administered for retention
trials was counterbalanced across subjects in each
of the retention groups. These experimental
manipulations resulted in a 2 (acquisition groups)
X 2 (retention sequences) X 2 (retention interval)
X 3 (task) X 2 (sex) X 3 (trials) factorial design
for retention, with repeated measures on the sec-
ond, fourth, and sixth factors.

Immediately following the retention trials, all
subjects received one set of three trials on each of
the two transfer tasks. The order of testing for
the transfer tasks was counterbalanced across
subjects in each of the retention groups. These
experimental manipulations resulted in a 2 (ac-
quisition groups) X 2 (retention interval) X 2
(transfer task) X 2 (sex) X 3 (trials) factorial
design for transfer with repeated measures on the
third and fifth factors.

Procedure
The subject stood in front of the apparatus so

that the start button was located opposite the mid-
line of the subject's body. Prior to each portion
of the experiment (pretest, acquisition, retention,
and transfer), the subject was instructed that the
objective of the task was to release the start
button, grasp the tennis ball, knock down certain
barriers in a prescribed order, and return the

(Shea & Morgan,1979)
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CHAPTER 11 • Scheduling the Learning Experience426

practice. Measurements of how long it took individual workers to learn the key-
board as well as to achieve a target goal of typing 80 correct keystrokes per min-
ute were recorded and averaged over the four groups. The results are shown in 
Table 11.1.

As can be seen in Table 11.1, the workers in the most distributed practice 
group had the best learning outcomes, while learning was the worst for those 
workers in the most massed practice group. The number of hours it took work-
ers to reach the target criterion of 80 correct keystrokes per minute was the 
measure of motor skill learning in this study. It took workers in the most dis-
tributed practice group 55 hours on average to reach this target, while after 80 
hours of practice, the total hours available for training, the most massed prac-
tice group had failed to reach this target, averaging only 70 keystrokes per min-
ute. Further retention tests were administered at three, six, and nine months 
after completion of the original training. On a keyboard speed test, the most 
distributed practice group performed the best, while the most massed group 
performed the worst. Interestingly, when workers were asked to rate the effec-
tiveness of their training, the most massed group rated their practice experi-
ences the best, while the most distributed group rated theirs as the worst, the 
exact opposite of the actual training outcomes.

Based upon the results of their study, Baddeley and Longman concluded 
that shorter practice sessions distributed over a longer time were more bene! -
cial for learning than were longer practice sessions massed over a shorter time 
period. Similar results have been reported in the few other studies to investigate 
distributive practice effects for between-session scheduling (Annett and Piech, 
1985; Bouzid and Crawshaw, 1987; and Shea et al., 2000). For between-ses-
sion scheduling, the consensus of the research literature is that distributed prac-
tice bene! ts learning more than does massed practice. As a general guideline, 

TA B L E  11.1
Results of Baddeley and Longman Study of Postal Workers

Practice Schedule
Hours to Learn 
Keyboard

Hours to Type 
80 Keystrokes/Min.

1 hr. session, 1 session/day, 
12 weeks

34.9 55

1 hr. session, 2 sessions/day, 
6 weeks

43 75

2 hr. session, 1 session/day, 
6 weeks

43 67

2 hr. session, 2 sessions/day, 
3 weeks

49.7 80+*

*Achieved only 70 keystrokes/min. after 80 hours.

Source:  “The in" uence of length and frequency of training sessions on the rate of learning to type”, Baddeley, 
A.D., and Longman, D.J.A. Ergonomics, 21, 627–635. (1978). Reprinted by permission of the publisher 
(Taylor & Francis Group, http://www.informaworld.com)
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Comprehensive Physiology Motor Learning

recalibrating our actions. The cerebellum plays a critical role
in this mechanism.

Motor adaptation has been widely studied ever since
Helmholtz’s nineteenth-century experiments, in which partic-
ipants wore prism goggles that shifted the visual !eld (444).
Prism goggles provide a vivid illustration of the adaptation
phenomenon, but their use in basic science has largely been
replaced by other paradigms that afford more precise and "ex-
ible control over the types of perturbations a participant expe-
riences. Extensive study of various adaptation paradigms has
allowed the brain’s mechanisms for recalibration to be charac-
terized in considerable detail. It has become clear, as we shall
discuss, that although cerebellum-dependent recalibration is
an important mechanism supporting adaptation, in most cases
exposure to a perturbation also engages additional learning
mechanisms, such as the use of explicit cognitive strategies,
which exhibit different properties from cerebellum-dependent
learning. In this section, the term “adaptation” will refer to the
process of reducing error in adaptation paradigms, that is, it
is agnostic to underlying learning mechanisms. It is neverthe-
less unavoidable that this will lead to confusion on occasion,
especially when giving a historical account, because many of
the earlier studies in this area assumed a single mechanism
was responsible for error reduction in adaptation paradigms.

Motor adaptation paradigms
Numerous approaches have been used to elicit adaptation in
laboratory tasks. One common approach is to alter the dynam-
ics of the body during movement. In reaching movements, for
instance, this is often achieved by having the participants hold
a robotic arm that applies forces to the hand during point-
to-point reaching movements. The imposed forces usually
depend on the position and/or velocity of the hand to create a
“force !eld” in which the hand must move (389). For exam-
ple, in a “viscous curl !eld,” the imposed force is proportional
to the current speed of the hand, but is directed orthogonally
to the direction of movement. A similar velocity-dependent
force-!eld perturbation can arise, even without the need for
a robotic arm, when participants make reaching movements
while seated on a rotating platform (255). Other dynamic per-
turbations can involve the addition of static loads on different
positions relative to the arm’s center of mass to alter interseg-
mental limb dynamics (250, 369). In all cases above, pertur-
bations initially lead to movement errors but, through expe-
rience, participants learn to generate forces that can counter
the imposed loads to regain their baseline levels of perfor-
mance (Fig. 3).

Another popular approach is to impose a novel mapping
between motion of an effector and the corresponding visual
feedback. As with a force !eld, this initially results in unex-
pected errors that require the motor system to adjust future
movements. Historically, such visuomotor perturbations have
been accomplished by the use of prism glasses, which can dis-
place the visual !eld vertically or laterally (444). Computer-
based setups allow for much more direct and "exible control

(A) (B)

(C) (D)

(E) (F)

Figure 3 Force-field adaptation and aftereffects. This figure illustrates
behavior in a typical force-field adaptation task (408). In this study, par-
ticipants held a robotic manipulandum, illustrated in panel A, and made
planar reaching movements toward eight different targets spaced 45!

apart. After a baseline, unperturbed period, the manipulandum applied
a force proportional to the speed of the hand, and directed perpendic-
ularly to the direction of movement, as illustrated in panel B. Whereas
baseline, unperturbed movements were relatively straight (C), the intro-
duction of the force field resulted in movement errors in the direction of
the force field (D). After prolonged training, participants adapted to the
force field, resulting in straight trajectories (panel E). Interspersed with
the training trials were occasional “catch” trials, in which the force-field
was removed, revealing the aftereffects of adaptation, with movements
exhibiting errors in the opposite direction to the perturbation as shown
in panel F: note how the direction of errors for each target in F is oppo-
site to those experienced in D (and opposite to the direction of the
perturbation in B). Panel A is adapted, with permission, from (134);
panels C to F are adapted, with permission, from (408).

of the relationship between hand position and the position of
an on-screen cursor. The most commonly used visuomotor
perturbation is visuomotor rotation (VMR) (253), in which
cursor feedback is rotated by an angle (often around 30! to
45!, though it can be larger or smaller) about the starting
position of the movement (Fig. 4). Another commonly used
type of perturbation is a change in the visuomotor gain, by
either amplifying or reducing the amount the cursor moves
for a given displacement of the hand, just like changing the
sensitivity of a mouse cursor (253, 333, 341).
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Adaptive Representation of Dynamics during Learning of a Motor 
Task 

Reza Shadmehr and Ferdinand0 A. Mussa-lvaldi 
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We investigated how the CNS learns to control movements 
in different dynamical conditions, and how this learned be- 
havior is represented. In particular, we considered the task 
of making reaching movements in the presence of externally 
imposed forces from a mechanical environment. This envi- 
ronment was a force field produced by a robot manipuland- 
urn, and the subjects made reaching movements while hold- 
ing the end-effector of this manipulandum. Since the force 
field significantly changed the dynamics of the task, sub- 
jects’ initial movements in the force field were grossly dis- 
torted compared to their movements in free space. However, 
with practice, hand trajectories in the force field converged 
to a path very similar to that observed in free space. This 
indicated that for reaching movements, there was a kine- 
matic plan independent of dynamical conditions. 

The recovery of performance within the changed me- 
chanical environment is motor adaptation. In order to inves- 
tigate the mechanism underlying this adaptation, we con- 
sidered the response to the sudden removal of the field after 
a training phase. The resulting trajectories, named aftefef- 
fects, were approximately mirror images of those that were 
observed when the subjects were initially exposed to the 
field. This suggested that the motor controller was gradually 
composing a model of the force field, a model that the ner- 
vous system used to predict and compensate for the forces 
imposed by the environment. In order to explore the structure 
of the model, we investigated whether adaptation to a force 
field, as presented in a small region, led to aftereffects in 
other regions of the workspace. We found that indeed there 
were aftereffects in workspace regions where no exposure 
to the field had taken place; that is, there was transfer be- 
yond the boundary of the training data. This observation 
rules out the hypothesis that the subject’s model of the force 
field was constructed as a narrow association between vis- 
ited states and experienced forces; that is, adaptation was 
not via composition of a look-up table. In contrast, subjects 
modeled the force field by a combination of computational 
elements whose output was broadly tuned across the motor 
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state space. These elements formed a model that extrap- 
olated to outside the training region in a coordinate system 
similar to that of the joints and muscles rather than end-point 
forces. This geometric property suggests that the elements 
of the adaptive process represent dynamics of a motor task 
in terms of the intrinsic coordinate system of the sensors 
and actuators. 

[Key words: motor learning, reaching movements, internal 
models, force fields, virtual environments, generalization, 
motor control] 

Children start to reach for objects that interest them at about 
the age of 3 months. These goal-directed movements often ac- 
company a “flailing” action of the arm. From a systems point 
of view, flailing can be seen as an attempt to excite the dynamics 
of the arm: to make a reaching movement successfully, the 
motor controller needs to find the appropriate force so that the 
skeletal system makes the desired motion. Effectively, this op- 
eration corresponds to inverting a dynamical transformation 
that relates an input force to an output motion. A controller 
may implement this “inverse transformation” via a combina- 
tion of feedback and feedforward mechanisms: usually, the feed- 
forward component provides some estimate ofthe inverse trans- 
formation-called the “inverse model” or simply the “internal 
model”-while the feedback component compensates for the 
errors of this estimation and stabilizes the system about the 
desired behavior (cf. Slotine, 1985). Therefore, the internal model 
refers to an approximation ofthe inverse dynamics ofthe system 
being controlled. In the case of the infant, the action of flailing 
may be an attempt to explore this dynamics and build an internal 
model. 

During development, bones grow and muscle mass increases, 
changing the dynamics of the arm significantly. In addition to 
such gradual variations, the arm dynamics change in a shorter 
time scale when we grasp objects and perform manipulation. 
The changing dynamics of the arm make it so that the same 
muscle forces produce a variety of motor behaviors. It follows 
that to maintain a desired performance, the controller needs to 
be “robust” to changes in the dynamics of the arm. This ro- 
bustness may be achieved through an updating, or adaptation, 
of the internal model. Indeed, humans excel in the ability to 
adapt rapidly to the variable dynamics of their arm as the hand 
interacts with the environment. Therefore, a task where the hand 
interacts with a novel mechanical environment might be a good 
candidate for studying how the CNS updates its internal model 
and learns dynamics. 

The particular task that we have considered is one where a 
subject makes a reaching movement while the hand interacts 
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recalibrating our actions. The cerebellum plays a critical role
in this mechanism.

Motor adaptation has been widely studied ever since
Helmholtz’s nineteenth-century experiments, in which partic-
ipants wore prism goggles that shifted the visual !eld (444).
Prism goggles provide a vivid illustration of the adaptation
phenomenon, but their use in basic science has largely been
replaced by other paradigms that afford more precise and "ex-
ible control over the types of perturbations a participant expe-
riences. Extensive study of various adaptation paradigms has
allowed the brain’s mechanisms for recalibration to be charac-
terized in considerable detail. It has become clear, as we shall
discuss, that although cerebellum-dependent recalibration is
an important mechanism supporting adaptation, in most cases
exposure to a perturbation also engages additional learning
mechanisms, such as the use of explicit cognitive strategies,
which exhibit different properties from cerebellum-dependent
learning. In this section, the term “adaptation” will refer to the
process of reducing error in adaptation paradigms, that is, it
is agnostic to underlying learning mechanisms. It is neverthe-
less unavoidable that this will lead to confusion on occasion,
especially when giving a historical account, because many of
the earlier studies in this area assumed a single mechanism
was responsible for error reduction in adaptation paradigms.

Motor adaptation paradigms
Numerous approaches have been used to elicit adaptation in
laboratory tasks. One common approach is to alter the dynam-
ics of the body during movement. In reaching movements, for
instance, this is often achieved by having the participants hold
a robotic arm that applies forces to the hand during point-
to-point reaching movements. The imposed forces usually
depend on the position and/or velocity of the hand to create a
“force !eld” in which the hand must move (389). For exam-
ple, in a “viscous curl !eld,” the imposed force is proportional
to the current speed of the hand, but is directed orthogonally
to the direction of movement. A similar velocity-dependent
force-!eld perturbation can arise, even without the need for
a robotic arm, when participants make reaching movements
while seated on a rotating platform (255). Other dynamic per-
turbations can involve the addition of static loads on different
positions relative to the arm’s center of mass to alter interseg-
mental limb dynamics (250, 369). In all cases above, pertur-
bations initially lead to movement errors but, through expe-
rience, participants learn to generate forces that can counter
the imposed loads to regain their baseline levels of perfor-
mance (Fig. 3).

Another popular approach is to impose a novel mapping
between motion of an effector and the corresponding visual
feedback. As with a force !eld, this initially results in unex-
pected errors that require the motor system to adjust future
movements. Historically, such visuomotor perturbations have
been accomplished by the use of prism glasses, which can dis-
place the visual !eld vertically or laterally (444). Computer-
based setups allow for much more direct and "exible control

(A) (B)

(C) (D)

(E) (F)

Figure 3 Force-field adaptation and aftereffects. This figure illustrates
behavior in a typical force-field adaptation task (408). In this study, par-
ticipants held a robotic manipulandum, illustrated in panel A, and made
planar reaching movements toward eight different targets spaced 45!

apart. After a baseline, unperturbed period, the manipulandum applied
a force proportional to the speed of the hand, and directed perpendic-
ularly to the direction of movement, as illustrated in panel B. Whereas
baseline, unperturbed movements were relatively straight (C), the intro-
duction of the force field resulted in movement errors in the direction of
the force field (D). After prolonged training, participants adapted to the
force field, resulting in straight trajectories (panel E). Interspersed with
the training trials were occasional “catch” trials, in which the force-field
was removed, revealing the aftereffects of adaptation, with movements
exhibiting errors in the opposite direction to the perturbation as shown
in panel F: note how the direction of errors for each target in F is oppo-
site to those experienced in D (and opposite to the direction of the
perturbation in B). Panel A is adapted, with permission, from (134);
panels C to F are adapted, with permission, from (408).

of the relationship between hand position and the position of
an on-screen cursor. The most commonly used visuomotor
perturbation is visuomotor rotation (VMR) (253), in which
cursor feedback is rotated by an angle (often around 30! to
45!, though it can be larger or smaller) about the starting
position of the movement (Fig. 4). Another commonly used
type of perturbation is a change in the visuomotor gain, by
either amplifying or reducing the amount the cursor moves
for a given displacement of the hand, just like changing the
sensitivity of a mouse cursor (253, 333, 341).
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Figure 3 Force-field adaptation and aftereffects. This figure illustrates
behavior in a typical force-field adaptation task (408). In this study, par-
ticipants held a robotic manipulandum, illustrated in panel A, and made
planar reaching movements toward eight different targets spaced 45!

apart. After a baseline, unperturbed period, the manipulandum applied
a force proportional to the speed of the hand, and directed perpendic-
ularly to the direction of movement, as illustrated in panel B. Whereas
baseline, unperturbed movements were relatively straight (C), the intro-
duction of the force field resulted in movement errors in the direction of
the force field (D). After prolonged training, participants adapted to the
force field, resulting in straight trajectories (panel E). Interspersed with
the training trials were occasional “catch” trials, in which the force-field
was removed, revealing the aftereffects of adaptation, with movements
exhibiting errors in the opposite direction to the perturbation as shown
in panel F: note how the direction of errors for each target in F is oppo-
site to those experienced in D (and opposite to the direction of the
perturbation in B). Panel A is adapted, with permission, from (134);
panels C to F are adapted, with permission, from (408).
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Prism goggles provide a vivid illustration of the adaptation
phenomenon, but their use in basic science has largely been
replaced by other paradigms that afford more precise and "ex-
ible control over the types of perturbations a participant expe-
riences. Extensive study of various adaptation paradigms has
allowed the brain’s mechanisms for recalibration to be charac-
terized in considerable detail. It has become clear, as we shall
discuss, that although cerebellum-dependent recalibration is
an important mechanism supporting adaptation, in most cases
exposure to a perturbation also engages additional learning
mechanisms, such as the use of explicit cognitive strategies,
which exhibit different properties from cerebellum-dependent
learning. In this section, the term “adaptation” will refer to the
process of reducing error in adaptation paradigms, that is, it
is agnostic to underlying learning mechanisms. It is neverthe-
less unavoidable that this will lead to confusion on occasion,
especially when giving a historical account, because many of
the earlier studies in this area assumed a single mechanism
was responsible for error reduction in adaptation paradigms.

Motor adaptation paradigms
Numerous approaches have been used to elicit adaptation in
laboratory tasks. One common approach is to alter the dynam-
ics of the body during movement. In reaching movements, for
instance, this is often achieved by having the participants hold
a robotic arm that applies forces to the hand during point-
to-point reaching movements. The imposed forces usually
depend on the position and/or velocity of the hand to create a
“force !eld” in which the hand must move (389). For exam-
ple, in a “viscous curl !eld,” the imposed force is proportional
to the current speed of the hand, but is directed orthogonally
to the direction of movement. A similar velocity-dependent
force-!eld perturbation can arise, even without the need for
a robotic arm, when participants make reaching movements
while seated on a rotating platform (255). Other dynamic per-
turbations can involve the addition of static loads on different
positions relative to the arm’s center of mass to alter interseg-
mental limb dynamics (250, 369). In all cases above, pertur-
bations initially lead to movement errors but, through expe-
rience, participants learn to generate forces that can counter
the imposed loads to regain their baseline levels of perfor-
mance (Fig. 3).

Another popular approach is to impose a novel mapping
between motion of an effector and the corresponding visual
feedback. As with a force !eld, this initially results in unex-
pected errors that require the motor system to adjust future
movements. Historically, such visuomotor perturbations have
been accomplished by the use of prism glasses, which can dis-
place the visual !eld vertically or laterally (444). Computer-
based setups allow for much more direct and "exible control
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Figure 3 Force-field adaptation and aftereffects. This figure illustrates
behavior in a typical force-field adaptation task (408). In this study, par-
ticipants held a robotic manipulandum, illustrated in panel A, and made
planar reaching movements toward eight different targets spaced 45!

apart. After a baseline, unperturbed period, the manipulandum applied
a force proportional to the speed of the hand, and directed perpendic-
ularly to the direction of movement, as illustrated in panel B. Whereas
baseline, unperturbed movements were relatively straight (C), the intro-
duction of the force field resulted in movement errors in the direction of
the force field (D). After prolonged training, participants adapted to the
force field, resulting in straight trajectories (panel E). Interspersed with
the training trials were occasional “catch” trials, in which the force-field
was removed, revealing the aftereffects of adaptation, with movements
exhibiting errors in the opposite direction to the perturbation as shown
in panel F: note how the direction of errors for each target in F is oppo-
site to those experienced in D (and opposite to the direction of the
perturbation in B). Panel A is adapted, with permission, from (134);
panels C to F are adapted, with permission, from (408).

of the relationship between hand position and the position of
an on-screen cursor. The most commonly used visuomotor
perturbation is visuomotor rotation (VMR) (253), in which
cursor feedback is rotated by an angle (often around 30! to
45!, though it can be larger or smaller) about the starting
position of the movement (Fig. 4). Another commonly used
type of perturbation is a change in the visuomotor gain, by
either amplifying or reducing the amount the cursor moves
for a given displacement of the hand, just like changing the
sensitivity of a mouse cursor (253, 333, 341).
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Figure 4 Visuomotor rotation adaptation. In visuomotor adaptation studies, participants typically make reaching
movements without direct vision of their hand but instead observe the movement of a cursor which represents the
location of their hand. During baseline, unperturbed movement, the cursor follows the hand position (veridical visual
feedback, A). In B, a visuomotor rotation makes the cursor move in a direction 30! counterclockwise relative to hand
motion, resulting in error. After learning, the hand moves at a 30! angle relative to the target direction bringing the
cursor directly to the target (C). Removal of the rotation leads to aftereffects (D); moving along the adapted hand
direction now leads to a 30! clockwise error.

Interestingly, different types of perturbations such as the
above appear to be learned independently, likely because
the recalibration process can operate on different kinds of
error. For example, learning of novel dynamics can take place
independently of learning of novel kinematics (250). Patient
studies provide further evidence for this dissociation between
adaptation to kinematic and dynamic perturbations. Rabe and
colleagues examined de!cits of patients with cerebellar dam-
age when performing these two types of task (347) and found
no correlation between them. As these patients had lesions
in various parts of the cerebellum, this !nding points toward
the idea that different variables (in this case types of error)
are processed in a similar way but by different parts of the
cerebellum.

In addition to force !eld perturbations and visuomotor
perturbations to reaching movements, there are several other
commonly used motor adaptation paradigms. Adaptation can
occur in relatively simple behaviors, such as altering the gain
of the vestibulo-ocular re"ex (216, 359). Saccadic eye move-
ments can be adapted by displacing the target during the move-
ment to induce an adaptive change in the gain or direction of
the saccade (80,237,289,476). This target-jump approach can
also be used for reaching movements (269, 452). Adaptation
of gait can be induced using a split-belt treadmill that can
impose different speeds on each leg, which results in an adap-
tive adjustment of gait parameters such as step length or step
symmetry to overcome asymmetric walking patterns induced
by the speed mismatches (205, 271, 282, 303). Adaptation of
speech production can be elicited by distorting auditory feed-
back of generated speech so that it sounds different (183,331).
Despite the different modalities employed in these paradigms,
the goal of these experiments is similar: to examine how pre-
viously existing motor controllers are adjusted to maintain
performance in the context of errors induced by a perturbation.

Basic properties of behavior in adaptation
paradigms
Learning from errors
When a previously unseen perturbation is applied to move-
ment, participants do not counter the error in a single trial.
Rather, actions are adjusted little by little over a number of
trials. Typically, the extent of correction from one trial to the
next depends on error size. On the !rst trial after a large per-
turbation is introduced, the movement errors are large and
participants generate a relatively larger correction. As learn-
ing proceeds, the errors get smaller and, consequently, so
do the corrections. Assuming the perturbation applied is the
same for each trial, this process results in the characteris-
tic exponential time-course of error reduction seen almost
universally in adaptation paradigms. In cases where the per-
turbation randomly varies from one trial to the next, the
motor system adapts to the average value of the perturbation
(147, 190, 374, 419).

The observation that corrections generally scale with the
experienced error suggests that learning can be described in
terms of a rate—the fraction of the error corrected from one
trial to the next—that is invariant across different error sizes.
For example, with a !xed learning rate of 0.5, a 1 degree error
leads to an additional half a degree of adaptation in the next
trial, while a 10 degree error will lead to a 5 degree adaptation.
For relatively small error magnitudes this proportionality is
largely true—people do correct for a !xed fraction of their
error. However, it seems that the adaptive responses to per-
turbations tend to saturate as the size of errors becomes large
(273, 447). This appears to be true regardless of the nature of
the perturbation. Consequently, learning is inconsistent with
a constant “rate” parameter, but instead could be described
in terms of a learning rule in which the rate (or “sensitivity”)
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Figure 4 Visuomotor rotation adaptation. In visuomotor adaptation studies, participants typically make reaching
movements without direct vision of their hand but instead observe the movement of a cursor which represents the
location of their hand. During baseline, unperturbed movement, the cursor follows the hand position (veridical visual
feedback, A). In B, a visuomotor rotation makes the cursor move in a direction 30! counterclockwise relative to hand
motion, resulting in error. After learning, the hand moves at a 30! angle relative to the target direction bringing the
cursor directly to the target (C). Removal of the rotation leads to aftereffects (D); moving along the adapted hand
direction now leads to a 30! clockwise error.

Interestingly, different types of perturbations such as the
above appear to be learned independently, likely because
the recalibration process can operate on different kinds of
error. For example, learning of novel dynamics can take place
independently of learning of novel kinematics (250). Patient
studies provide further evidence for this dissociation between
adaptation to kinematic and dynamic perturbations. Rabe and
colleagues examined de!cits of patients with cerebellar dam-
age when performing these two types of task (347) and found
no correlation between them. As these patients had lesions
in various parts of the cerebellum, this !nding points toward
the idea that different variables (in this case types of error)
are processed in a similar way but by different parts of the
cerebellum.

In addition to force !eld perturbations and visuomotor
perturbations to reaching movements, there are several other
commonly used motor adaptation paradigms. Adaptation can
occur in relatively simple behaviors, such as altering the gain
of the vestibulo-ocular re"ex (216, 359). Saccadic eye move-
ments can be adapted by displacing the target during the move-
ment to induce an adaptive change in the gain or direction of
the saccade (80,237,289,476). This target-jump approach can
also be used for reaching movements (269, 452). Adaptation
of gait can be induced using a split-belt treadmill that can
impose different speeds on each leg, which results in an adap-
tive adjustment of gait parameters such as step length or step
symmetry to overcome asymmetric walking patterns induced
by the speed mismatches (205, 271, 282, 303). Adaptation of
speech production can be elicited by distorting auditory feed-
back of generated speech so that it sounds different (183,331).
Despite the different modalities employed in these paradigms,
the goal of these experiments is similar: to examine how pre-
viously existing motor controllers are adjusted to maintain
performance in the context of errors induced by a perturbation.

Basic properties of behavior in adaptation
paradigms
Learning from errors
When a previously unseen perturbation is applied to move-
ment, participants do not counter the error in a single trial.
Rather, actions are adjusted little by little over a number of
trials. Typically, the extent of correction from one trial to the
next depends on error size. On the !rst trial after a large per-
turbation is introduced, the movement errors are large and
participants generate a relatively larger correction. As learn-
ing proceeds, the errors get smaller and, consequently, so
do the corrections. Assuming the perturbation applied is the
same for each trial, this process results in the characteris-
tic exponential time-course of error reduction seen almost
universally in adaptation paradigms. In cases where the per-
turbation randomly varies from one trial to the next, the
motor system adapts to the average value of the perturbation
(147, 190, 374, 419).

The observation that corrections generally scale with the
experienced error suggests that learning can be described in
terms of a rate—the fraction of the error corrected from one
trial to the next—that is invariant across different error sizes.
For example, with a !xed learning rate of 0.5, a 1 degree error
leads to an additional half a degree of adaptation in the next
trial, while a 10 degree error will lead to a 5 degree adaptation.
For relatively small error magnitudes this proportionality is
largely true—people do correct for a !xed fraction of their
error. However, it seems that the adaptive responses to per-
turbations tend to saturate as the size of errors becomes large
(273, 447). This appears to be true regardless of the nature of
the perturbation. Consequently, learning is inconsistent with
a constant “rate” parameter, but instead could be described
in terms of a learning rule in which the rate (or “sensitivity”)
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Figure 4 Visuomotor rotation adaptation. In visuomotor adaptation studies, participants typically make reaching
movements without direct vision of their hand but instead observe the movement of a cursor which represents the
location of their hand. During baseline, unperturbed movement, the cursor follows the hand position (veridical visual
feedback, A). In B, a visuomotor rotation makes the cursor move in a direction 30! counterclockwise relative to hand
motion, resulting in error. After learning, the hand moves at a 30! angle relative to the target direction bringing the
cursor directly to the target (C). Removal of the rotation leads to aftereffects (D); moving along the adapted hand
direction now leads to a 30! clockwise error.

Interestingly, different types of perturbations such as the
above appear to be learned independently, likely because
the recalibration process can operate on different kinds of
error. For example, learning of novel dynamics can take place
independently of learning of novel kinematics (250). Patient
studies provide further evidence for this dissociation between
adaptation to kinematic and dynamic perturbations. Rabe and
colleagues examined de!cits of patients with cerebellar dam-
age when performing these two types of task (347) and found
no correlation between them. As these patients had lesions
in various parts of the cerebellum, this !nding points toward
the idea that different variables (in this case types of error)
are processed in a similar way but by different parts of the
cerebellum.

In addition to force !eld perturbations and visuomotor
perturbations to reaching movements, there are several other
commonly used motor adaptation paradigms. Adaptation can
occur in relatively simple behaviors, such as altering the gain
of the vestibulo-ocular re"ex (216, 359). Saccadic eye move-
ments can be adapted by displacing the target during the move-
ment to induce an adaptive change in the gain or direction of
the saccade (80,237,289,476). This target-jump approach can
also be used for reaching movements (269, 452). Adaptation
of gait can be induced using a split-belt treadmill that can
impose different speeds on each leg, which results in an adap-
tive adjustment of gait parameters such as step length or step
symmetry to overcome asymmetric walking patterns induced
by the speed mismatches (205, 271, 282, 303). Adaptation of
speech production can be elicited by distorting auditory feed-
back of generated speech so that it sounds different (183,331).
Despite the different modalities employed in these paradigms,
the goal of these experiments is similar: to examine how pre-
viously existing motor controllers are adjusted to maintain
performance in the context of errors induced by a perturbation.

Basic properties of behavior in adaptation
paradigms
Learning from errors
When a previously unseen perturbation is applied to move-
ment, participants do not counter the error in a single trial.
Rather, actions are adjusted little by little over a number of
trials. Typically, the extent of correction from one trial to the
next depends on error size. On the !rst trial after a large per-
turbation is introduced, the movement errors are large and
participants generate a relatively larger correction. As learn-
ing proceeds, the errors get smaller and, consequently, so
do the corrections. Assuming the perturbation applied is the
same for each trial, this process results in the characteris-
tic exponential time-course of error reduction seen almost
universally in adaptation paradigms. In cases where the per-
turbation randomly varies from one trial to the next, the
motor system adapts to the average value of the perturbation
(147, 190, 374, 419).

The observation that corrections generally scale with the
experienced error suggests that learning can be described in
terms of a rate—the fraction of the error corrected from one
trial to the next—that is invariant across different error sizes.
For example, with a !xed learning rate of 0.5, a 1 degree error
leads to an additional half a degree of adaptation in the next
trial, while a 10 degree error will lead to a 5 degree adaptation.
For relatively small error magnitudes this proportionality is
largely true—people do correct for a !xed fraction of their
error. However, it seems that the adaptive responses to per-
turbations tend to saturate as the size of errors becomes large
(273, 447). This appears to be true regardless of the nature of
the perturbation. Consequently, learning is inconsistent with
a constant “rate” parameter, but instead could be described
in terms of a learning rule in which the rate (or “sensitivity”)
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Figure 4 Visuomotor rotation adaptation. In visuomotor adaptation studies, participants typically make reaching
movements without direct vision of their hand but instead observe the movement of a cursor which represents the
location of their hand. During baseline, unperturbed movement, the cursor follows the hand position (veridical visual
feedback, A). In B, a visuomotor rotation makes the cursor move in a direction 30! counterclockwise relative to hand
motion, resulting in error. After learning, the hand moves at a 30! angle relative to the target direction bringing the
cursor directly to the target (C). Removal of the rotation leads to aftereffects (D); moving along the adapted hand
direction now leads to a 30! clockwise error.

Interestingly, different types of perturbations such as the
above appear to be learned independently, likely because
the recalibration process can operate on different kinds of
error. For example, learning of novel dynamics can take place
independently of learning of novel kinematics (250). Patient
studies provide further evidence for this dissociation between
adaptation to kinematic and dynamic perturbations. Rabe and
colleagues examined de!cits of patients with cerebellar dam-
age when performing these two types of task (347) and found
no correlation between them. As these patients had lesions
in various parts of the cerebellum, this !nding points toward
the idea that different variables (in this case types of error)
are processed in a similar way but by different parts of the
cerebellum.

In addition to force !eld perturbations and visuomotor
perturbations to reaching movements, there are several other
commonly used motor adaptation paradigms. Adaptation can
occur in relatively simple behaviors, such as altering the gain
of the vestibulo-ocular re"ex (216, 359). Saccadic eye move-
ments can be adapted by displacing the target during the move-
ment to induce an adaptive change in the gain or direction of
the saccade (80,237,289,476). This target-jump approach can
also be used for reaching movements (269, 452). Adaptation
of gait can be induced using a split-belt treadmill that can
impose different speeds on each leg, which results in an adap-
tive adjustment of gait parameters such as step length or step
symmetry to overcome asymmetric walking patterns induced
by the speed mismatches (205, 271, 282, 303). Adaptation of
speech production can be elicited by distorting auditory feed-
back of generated speech so that it sounds different (183,331).
Despite the different modalities employed in these paradigms,
the goal of these experiments is similar: to examine how pre-
viously existing motor controllers are adjusted to maintain
performance in the context of errors induced by a perturbation.

Basic properties of behavior in adaptation
paradigms
Learning from errors
When a previously unseen perturbation is applied to move-
ment, participants do not counter the error in a single trial.
Rather, actions are adjusted little by little over a number of
trials. Typically, the extent of correction from one trial to the
next depends on error size. On the !rst trial after a large per-
turbation is introduced, the movement errors are large and
participants generate a relatively larger correction. As learn-
ing proceeds, the errors get smaller and, consequently, so
do the corrections. Assuming the perturbation applied is the
same for each trial, this process results in the characteris-
tic exponential time-course of error reduction seen almost
universally in adaptation paradigms. In cases where the per-
turbation randomly varies from one trial to the next, the
motor system adapts to the average value of the perturbation
(147, 190, 374, 419).

The observation that corrections generally scale with the
experienced error suggests that learning can be described in
terms of a rate—the fraction of the error corrected from one
trial to the next—that is invariant across different error sizes.
For example, with a !xed learning rate of 0.5, a 1 degree error
leads to an additional half a degree of adaptation in the next
trial, while a 10 degree error will lead to a 5 degree adaptation.
For relatively small error magnitudes this proportionality is
largely true—people do correct for a !xed fraction of their
error. However, it seems that the adaptive responses to per-
turbations tend to saturate as the size of errors becomes large
(273, 447). This appears to be true regardless of the nature of
the perturbation. Consequently, learning is inconsistent with
a constant “rate” parameter, but instead could be described
in terms of a learning rule in which the rate (or “sensitivity”)
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Figure 4 Visuomotor rotation adaptation. In visuomotor adaptation studies, participants typically make reaching
movements without direct vision of their hand but instead observe the movement of a cursor which represents the
location of their hand. During baseline, unperturbed movement, the cursor follows the hand position (veridical visual
feedback, A). In B, a visuomotor rotation makes the cursor move in a direction 30! counterclockwise relative to hand
motion, resulting in error. After learning, the hand moves at a 30! angle relative to the target direction bringing the
cursor directly to the target (C). Removal of the rotation leads to aftereffects (D); moving along the adapted hand
direction now leads to a 30! clockwise error.

Interestingly, different types of perturbations such as the
above appear to be learned independently, likely because
the recalibration process can operate on different kinds of
error. For example, learning of novel dynamics can take place
independently of learning of novel kinematics (250). Patient
studies provide further evidence for this dissociation between
adaptation to kinematic and dynamic perturbations. Rabe and
colleagues examined de!cits of patients with cerebellar dam-
age when performing these two types of task (347) and found
no correlation between them. As these patients had lesions
in various parts of the cerebellum, this !nding points toward
the idea that different variables (in this case types of error)
are processed in a similar way but by different parts of the
cerebellum.

In addition to force !eld perturbations and visuomotor
perturbations to reaching movements, there are several other
commonly used motor adaptation paradigms. Adaptation can
occur in relatively simple behaviors, such as altering the gain
of the vestibulo-ocular re"ex (216, 359). Saccadic eye move-
ments can be adapted by displacing the target during the move-
ment to induce an adaptive change in the gain or direction of
the saccade (80,237,289,476). This target-jump approach can
also be used for reaching movements (269, 452). Adaptation
of gait can be induced using a split-belt treadmill that can
impose different speeds on each leg, which results in an adap-
tive adjustment of gait parameters such as step length or step
symmetry to overcome asymmetric walking patterns induced
by the speed mismatches (205, 271, 282, 303). Adaptation of
speech production can be elicited by distorting auditory feed-
back of generated speech so that it sounds different (183,331).
Despite the different modalities employed in these paradigms,
the goal of these experiments is similar: to examine how pre-
viously existing motor controllers are adjusted to maintain
performance in the context of errors induced by a perturbation.

Basic properties of behavior in adaptation
paradigms
Learning from errors
When a previously unseen perturbation is applied to move-
ment, participants do not counter the error in a single trial.
Rather, actions are adjusted little by little over a number of
trials. Typically, the extent of correction from one trial to the
next depends on error size. On the !rst trial after a large per-
turbation is introduced, the movement errors are large and
participants generate a relatively larger correction. As learn-
ing proceeds, the errors get smaller and, consequently, so
do the corrections. Assuming the perturbation applied is the
same for each trial, this process results in the characteris-
tic exponential time-course of error reduction seen almost
universally in adaptation paradigms. In cases where the per-
turbation randomly varies from one trial to the next, the
motor system adapts to the average value of the perturbation
(147, 190, 374, 419).

The observation that corrections generally scale with the
experienced error suggests that learning can be described in
terms of a rate—the fraction of the error corrected from one
trial to the next—that is invariant across different error sizes.
For example, with a !xed learning rate of 0.5, a 1 degree error
leads to an additional half a degree of adaptation in the next
trial, while a 10 degree error will lead to a 5 degree adaptation.
For relatively small error magnitudes this proportionality is
largely true—people do correct for a !xed fraction of their
error. However, it seems that the adaptive responses to per-
turbations tend to saturate as the size of errors becomes large
(273, 447). This appears to be true regardless of the nature of
the perturbation. Consequently, learning is inconsistent with
a constant “rate” parameter, but instead could be described
in terms of a learning rule in which the rate (or “sensitivity”)
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ment of the asymmetry over the course of adaptation. With the
return to tied belts in postadaptation, the control initially showed
the reverse asymmetry (negative aftereffect). That is, the subject
took a relatively shorter step on the slow leg and a relatively longer
step on the fast leg. After several strides, the subject gradually
corrected step lengths on both legs and returned to a symmetric
step pattern. The cerebellar subject, however, showed only a
small negative aftereffect that did not return to symmetry. Figure
3b shows double support times on a stride-by-stride basis for the
same control and cerebellar subjects shown in Figure 2b (for
stance time, the analogous temporal variable). The plots show
differences in double support times: fast leg double support mi-
nus slow leg double support. As with step lengths, both the con-
trol and cerebellar subject had double support time differences
near zero during the baseline period, indicating the expected
symmetry. In early adaptation, both subjects initially showed a
substantial asymmetry; specifically, a relatively longer double
support time on the slow leg and a relatively faster double support
time on the fast leg. The control subject gradually corrected the
asymmetry so that by the end of adaptation the fast and slow legs
spent nearly equal amounts of time in double support, and then
in postadaptation demonstrated the expected reverse asymmetry
(negative aftereffect), which was also gradually corrected. In con-
trast, the cerebellar subject did not show the gradual improve-
ment in double support time symmetry over the course of adap-

tation and also failed to show a negative
aftereffect in early postadaptation.

Group data for these walking parame-
ters are provided in Figure 3, c and d. Step
length differences are shown in Figure 3c
and double support time differences in
Figure 3d. For both parameters, the statis-
tical analysis revealed significant group by
testing period interaction effects (all p val-
ues !0.05), indicating that control and
cerebellar groups showed different levels
of performance over the different testing
periods. For step length (Fig. 3c), the ini-
tial asymmetries during early adaptation
were of a similar magnitude in both
groups (control: "0.11 # 0.04 m, mean
difference in step lengths # 1 SD; cerebel-
lar: "0.17 # 0.06 m, post hoc, p $ 0.05).
Yet only the control group was able to cor-
rect the asymmetry over the course of ad-
aptation (late adaptation, mean "0.01 #
0.05 m, early vs late adaptation, post hoc,
p ! 0.01; late baseline vs late adaptation,
post hoc, p $ 0.05). The cerebellar group
showed no significant improvement in
step-length differences over the course of
adaptation and therefore did not ap-
proach baseline levels by the end of adap-
tation (late adaptation, mean "0.17 #
0.11 m; early vs late adaptation, post hoc,
p $ 0.05; late baseline vs late adaptation,
post hoc, p ! 0.001). In postadaptation, the
control group showed a significant nega-
tive aftereffect in step length differences
(early postadaptation, mean 0.09 # 0.08
m; late baseline vs early postadaptation,
post hoc, p ! 0.05), which is indicative of
storage of a predictive motor adaptation

(Weiner et al., 1983; Shadmehr and Mussa-Ivaldi, 1994). In con-
trast, the cerebellar group did not show a negative aftereffect in
step-length differences (early postadaptation, mean 0.04 # 0.05
m; late baseline vs early postadaptation, post hoc, p $ 0.05). The
results were very similar for the double support time measures
(Fig. 3d). Both groups showed similar initial asymmetries during
early adaptation (control: "7.4 # 5.6%, mean difference in dou-
ble support times # 1 SD; cerebellar: "10.6 # 5.0%, post hoc, p $
0.05). The control group corrected the asymmetry over the
course of adaptation (late adaptation, mean 1.3 # 3.1%; early vs
late adaptation, post hoc, p ! 0.001; late baseline vs late adapta-
tion, post hoc, p $ 0.05) and subsequently demonstrated a signif-
icant negative aftereffect in early postadaptation (early postadap-
tation, mean 5.8 # 4.7%; late baseline vs early postadaptation,
post hoc, p ! 0.05). In contrast, the cerebellar group showed only
a moderate improvement in the double support asymmetry dur-
ing adaptation and did not ever reach near-baseline (late adapta-
tion, mean "6.4 # 4.4%; early vs late adaptation, post hoc, p !
0.05; late baseline vs late adaptation, post hoc, p ! 0.01). In pos-
tadaptation, the cerebellar group showed a reduced (although
significant) negative aftereffect (early postadaptation, mean 4.0 #
5.9%; late baseline vs early postadaptation, post hoc, p ! 0.05). In
summary, the cerebellar group showed a reduction (double sup-
port) or complete inability (step length) to adjust both types of
predictive feedforward adapting walking parameters. The ac-

Figure 3. Predictive feedforward adaptations. A, B, Step length (A) and double support time (B) values for sequential strides on
the treadmill from a typical control (top row) and cerebellar (bottom row) subject across all testing periods. The control and
cerebellar subjects in A are the same subjects as shown in Figure 2 A; the control and cerebellar subjects in B are the same subjects
as shown in Figure 2 B. The first 50 strides are plotted for each component of the baseline period and for the postadaptation period;
the first 75 strides are plotted for the adaptation period. Circles indicate the difference between the legs (fast leg minus slow leg)
in step length and double support time values. C, D, Average step length (C) and double support time (D) differences for control
and cerebellar groups. Each data point represents values averaged over the early or late portions of each testing period. Error bars
indicate #1 SE. Asterisks indicate a significance level of p ! 0.05 for the post hoc analysis; ns, not significant.
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end of training on day 1, we measured the plateau value (i.e., last
30 strides). The mean and SEs of plateau values for each exposure
are shown by the error bars at the end of the adaptation curves
(only first 190 strides are shown) in Figures 2– 4. For the No
Washout and No Switch groups, where training was continuous
for 15 min, this meant that we took the last 30 strides from the
Day 1, Exposure 1 (blue symbols). For the Switch and Switch
Control groups, we compared behavior after the complete 15 min
of training (i.e., last 30 steps of the third exposure, yellow sym-
bols). We found no differences in plateau in any of the parame-
ters: step symmetry (F(3,24) ! 0.40, p ! 0.75), center of oscillation
difference (F(3,24) ! 1.20, p ! 0.33), phasing (F(3,24) ! 0.40, p !
0.76). Since all groups adapted similarly to the perturbation, and
adapted the same amount on the first day, we concluded that day
1 behavior was the same across groups. In verifying that day 1
behavior was the same, we could assume that our measures as-
sessing differences across days were due to changes in day 2
behavior.

Figure 2 shows our primary measure of step symmetry. Group
means, smoothed by three strides, " SE are shown. We saw typ-
ical adaptation behavior on the first day, where subjects in all
groups were initially perturbed by the split-belt and returned
toward symmetric walking with increasing stride number. The
first 190 steps (#5 min) of adaptation are shown (in blue for day
1 and in red for day 2), averaging every three strides, with the final
plateau shown at the end.

When subjects were brought back 24 h later and immediately
exposed to the split-belts (i.e., No Washout group, Fig. 2A), the
walking pattern was very well retained (i.e., compare blue plateau
with first stride of the red curve). Additionally, subjects were
much less perturbed and adapted faster on the second day, seen
by comparing blue and red curves in Figure 2A.

Since we found substantial retention the following day in the
No Washout group and were concerned about a ceiling effect, we
included a washout before readaptation for the remaining groups
so that we could assess improvements from training structure.
That is, on day 2 we washed out the adaptation done on day 1.
This meant that all subjects would be in a baseline state, so that we
could assess changes in readaptation. We used the average of the
last 30 strides from this day 2 baseline period as the reference for
day 2 behavior (i.e., red bars before adaptation, Figs. 2– 4). Fol-
lowing this washout, we then assessed readaptation to split-belts
on the second day.

Figure 2B shows how subjects readapted to the perturbation
in the No Switch group. Subjects in this group showed a much
smaller change across days, but still retained some memory from
the previous day’s training, as evidenced by the difference be-
tween the blue and red curves. In the Switch group, subjects were
allowed to adapt and washout their walking pattern multiple
times on the first day, so they would be forced to continue switch-
ing their walking pattern between the adapted and de-adapted
state. Behavior for the Switch group is shown in Figure 2C, with
each exposure plotted. Note that these subjects were initially per-
turbed by the split-belts in each exposure (i.e., large errors in
beginning of blue, green, and yellow curves in Fig. 2C). Using a
repeated-measures ANOVA, we compared the plateau of the
prior exposure to the first stride on the next exposure (e.g., blue
plateau symbols and green first stride) and found a significant
change (F(1,13) ! 48.02, p $ 0.001). Subjects then adapted to the
perturbation with a reduction in errors as stride number in-
creased. Interestingly, the rate at which they adapted became pro-
gressively faster with each exposure to the split-belts (i.e.,
compare blue, green, and yellow curves in Fig. 2C). With a
repeated-measures ANOVA of early change values on day 1, we
found an effect of exposure (Greenhouse-Geisser corrected:
F(1.1,6.7) ! 12.97, p ! 0.008). When these subjects returned the
second day, they adapted faster than in any of the exposures on
the first day. To test whether simply interspersing breaks, rather
than washout periods, between split-belt exposures was sufficient
to influence readaptation, we tested a Switch Control group that
sat for 5 min between adaptation epochs. We did not observe
similar increases in errors from time alone between exposures as
we did when split-belt periods were interspersed with tied-belt
washout periods in the Switch group (e.g., compare blue plateau
to first point of green curve, Fig. 2C,D). We did not find a signif-
icant change between plateau of one exposure to the first stride on
the next exposure (F(1,13) ! 0.25, p ! 0.62). Rather, subjects in
the Switch Control group returned to the adapted pattern they
ended with, even after sitting for 5 min. In addition, while adap-
tation on day 2 was faster than in the first exposure to split-belts

Figure 2. Comparison of step symmetry adaptation across groups. Baseline, first stride,
adaptation curves (smoothed by 3 strides) for a portion of training epochs (2–190), and final
plateau values are shown. A, No Washout. Mean step symmetry values subtracted from baseline
are shown. The first stride is off-set as individual symbols, with mean and SE bars. Average
adaptation curves ("SEs in shaded region) for strides 2–190 (#5 min) of adaptation on day 1
and day 2 are shown in blue and red lines, respectively. Points plotted at the end of these curves
represent means ("SE) of the last 30 steps of adaptation on day 1 and 2, also called “plateau”
values. B, No Switch. Data are shown as in A, except that this group had a tied-belt period
preceding adaptation on day 2 as well (mean of the last 30 s " SE shown in red at beginning of
plot). C, Switch. Data are shown as in B. This group experienced three 5 min exposures to
split-belts, interspersed with 5 min washout periods on day 1. Thus, the data plotted in green
and yellow represent average values during the second and third exposures to split-belts, re-
spectively. Mean baseline values for exposures 2 and 3 shown at the beginning of this plot
represent mean step symmetry in the last 30 s of the washout period preceding that exposure.
D, Switch Control. Data are shown as in C. In this group, subjects were given breaks instead of
being washed-out between exposures to split-belts, thus baseline data for exposures 2 and 3
are not shown. E, Comparison of day 2 curves. Day 2 adaptation curves and plateau values for
each group are shown. Note that all groups reach the same plateau, but differences are seen in
the early change of adaptation, with No Washout showing the most improvement, followed by
Switch, while No Switch and Switch Control show the least improvement. F, Exponential curve
fits for day 2 curves. Average points are shown for the data presented in E. Single exponential
time constants (t) with 95% confidence bounds are shown in the legend.

Malone et al. • Training Structure Speeds Relearning J. Neurosci., October 19, 2011 • 31(42):15136 –15143 • 15139

rotation no longer interfered with im-
provement on relearning. Resistance to in-
terference was not, however, associated
with any change in the amount of adapta-
tion achieved on day 1: the residual direc-
tional error in the last two of the 66 cycles
of training (4.5 ! 1.99°) was not signifi-
cantly different from that achieved for the
last two of the 33 cycles of training (4.9 !
3.4°; F(1,36) " 0.231; p # 0.05) in experi-
ment 2.

It might be argued that the apparent
resistance to interference was attributable
to the disproportionate amount of learn-
ing of the rotation relative to the counter-
rotation (66 vs 33 cycles). To examine this
possibility, we tested a group of three sub-
jects (group 11) with 66 cycles of counter-
rotation 5 min after training with 66 cycles
of rotation. The average improvement
with relearning (17.5 ! 2.2%) was not less
than that for group 9 (17.1 ! 3.3%), which
only had 33 cycles of counter-rotation
training. Finally, we asked whether it is the
spacing of the two blocks of training with a
washout block in-between that induces re-
sistance to interference. To address this
question, three extra subjects (group 12)
were trained with 66 uninterrupted cycles
of rotation, followed by 33 cycles of
counter-rotation at 5 min. Their average
improvement at relearning was 16.89 !
3.5%. A comparison of groups 9, 11, and
12 showed no significant difference in im-
provement at relearning (F(2,9) " 0.197;
p # 0.05).

Experiment 4: improvement with
relearning decreases with
time: forgetting
To assess persistence of improved learning
over time, we trained two groups of six
subjects (Table 1, groups 13 and 14), one
with 33 cycles and the other with 66 cycles
of the rotation. Relearning after an interval
of 24 hr (group 13, 26.0 ! 4.1°; group 14,
28.30 ! 3.8°) was greater than that for the
comparable groups that relearned after 48
hr (group 5, 21.1 ! 2.5°; group 8, 18.36 !
2.38°; p $ 0.05). Thus, performance im-
provement, although still robust at 48 hr,
had modestly decayed or previous learning
was less retrievable.

Discussion
The experiments presented here sought to
determine whether the learning of a visuo-
motor transformation, specifically a 30°
rotation, undergoes a process of consoli-
dation whereby learning becomes resistant
to interference. In the first experiment, we
found that interference with the 30° rota-
tion by a 30° counter-rotation persisted

Figure 2. Experiment 2. A–C, Rotation learning and relearning curves with washout. Repeated-measures ANOVA revealed a
significant effect of session (learning vs relearning) on directional error (F(1,30) " 10.828; p " 0.0026). There was no significant
effect of group (F(1,30) " 0.097; p " 0.9075) nor a significant session % group interaction (F(3,30) " 0.439; p " 0.649). D,
Percentage change in learning from the learning to the relearning session. ANOVA revealed a main effect of group (F(2,15) " 4.17;
p " 0.03). Post hoc tests showed a significant difference ( p $ 0.016) between the control and the 5 min interference group but
not between the control group and the 24 hr interference group ( p # 0.05).

Figure 3. Experiment 3. A–C, Rotation learning and relearning curves with extended training and washout. Repeated-
measures ANOVA revealed a significant effect of session (learning vs relearning) on directional error (F(1,30) "21.16; p $0.0001).
There was no significant effect of group (F(2,30) " 1.87; p " 0.17) nor a significant session % group interaction (F(3,30) " 0.009;
p " 0.99). D, Percentage change in rotation learning from the learning to the relearning session. ANOVA revealed no significant
difference between groups (F(2,15) " 0.046; p " 0.95).

476 • J. Neurosci., January 12, 2005 • 25(2):473– 478 Krakauer et al. • Consolidation of Visuomotor Learning

(Krakauer et al., 2005;Malone et al., 2011)

Saving



Motor learning: Perturbation paradigms

Motor Learning Comprehensive Physiology

Target

Starting
position

HandCursor

Target

Starting
position

Hand
Cursor

Target

Starting
position

Hand
Cursor

Target

Starting
position

Hand
Cursor

Veridical feedback Visuomotor rotation

Early training Late training Aftereffects

Veridical feedback

(A) (B) (C) (D)

Baseline

Figure 4 Visuomotor rotation adaptation. In visuomotor adaptation studies, participants typically make reaching
movements without direct vision of their hand but instead observe the movement of a cursor which represents the
location of their hand. During baseline, unperturbed movement, the cursor follows the hand position (veridical visual
feedback, A). In B, a visuomotor rotation makes the cursor move in a direction 30! counterclockwise relative to hand
motion, resulting in error. After learning, the hand moves at a 30! angle relative to the target direction bringing the
cursor directly to the target (C). Removal of the rotation leads to aftereffects (D); moving along the adapted hand
direction now leads to a 30! clockwise error.

Interestingly, different types of perturbations such as the
above appear to be learned independently, likely because
the recalibration process can operate on different kinds of
error. For example, learning of novel dynamics can take place
independently of learning of novel kinematics (250). Patient
studies provide further evidence for this dissociation between
adaptation to kinematic and dynamic perturbations. Rabe and
colleagues examined de!cits of patients with cerebellar dam-
age when performing these two types of task (347) and found
no correlation between them. As these patients had lesions
in various parts of the cerebellum, this !nding points toward
the idea that different variables (in this case types of error)
are processed in a similar way but by different parts of the
cerebellum.

In addition to force !eld perturbations and visuomotor
perturbations to reaching movements, there are several other
commonly used motor adaptation paradigms. Adaptation can
occur in relatively simple behaviors, such as altering the gain
of the vestibulo-ocular re"ex (216, 359). Saccadic eye move-
ments can be adapted by displacing the target during the move-
ment to induce an adaptive change in the gain or direction of
the saccade (80,237,289,476). This target-jump approach can
also be used for reaching movements (269, 452). Adaptation
of gait can be induced using a split-belt treadmill that can
impose different speeds on each leg, which results in an adap-
tive adjustment of gait parameters such as step length or step
symmetry to overcome asymmetric walking patterns induced
by the speed mismatches (205, 271, 282, 303). Adaptation of
speech production can be elicited by distorting auditory feed-
back of generated speech so that it sounds different (183,331).
Despite the different modalities employed in these paradigms,
the goal of these experiments is similar: to examine how pre-
viously existing motor controllers are adjusted to maintain
performance in the context of errors induced by a perturbation.

Basic properties of behavior in adaptation
paradigms
Learning from errors
When a previously unseen perturbation is applied to move-
ment, participants do not counter the error in a single trial.
Rather, actions are adjusted little by little over a number of
trials. Typically, the extent of correction from one trial to the
next depends on error size. On the !rst trial after a large per-
turbation is introduced, the movement errors are large and
participants generate a relatively larger correction. As learn-
ing proceeds, the errors get smaller and, consequently, so
do the corrections. Assuming the perturbation applied is the
same for each trial, this process results in the characteris-
tic exponential time-course of error reduction seen almost
universally in adaptation paradigms. In cases where the per-
turbation randomly varies from one trial to the next, the
motor system adapts to the average value of the perturbation
(147, 190, 374, 419).

The observation that corrections generally scale with the
experienced error suggests that learning can be described in
terms of a rate—the fraction of the error corrected from one
trial to the next—that is invariant across different error sizes.
For example, with a !xed learning rate of 0.5, a 1 degree error
leads to an additional half a degree of adaptation in the next
trial, while a 10 degree error will lead to a 5 degree adaptation.
For relatively small error magnitudes this proportionality is
largely true—people do correct for a !xed fraction of their
error. However, it seems that the adaptive responses to per-
turbations tend to saturate as the size of errors becomes large
(273, 447). This appears to be true regardless of the nature of
the perturbation. Consequently, learning is inconsistent with
a constant “rate” parameter, but instead could be described
in terms of a learning rule in which the rate (or “sensitivity”)
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recalibrating our actions. The cerebellum plays a critical role
in this mechanism.

Motor adaptation has been widely studied ever since
Helmholtz’s nineteenth-century experiments, in which partic-
ipants wore prism goggles that shifted the visual !eld (444).
Prism goggles provide a vivid illustration of the adaptation
phenomenon, but their use in basic science has largely been
replaced by other paradigms that afford more precise and "ex-
ible control over the types of perturbations a participant expe-
riences. Extensive study of various adaptation paradigms has
allowed the brain’s mechanisms for recalibration to be charac-
terized in considerable detail. It has become clear, as we shall
discuss, that although cerebellum-dependent recalibration is
an important mechanism supporting adaptation, in most cases
exposure to a perturbation also engages additional learning
mechanisms, such as the use of explicit cognitive strategies,
which exhibit different properties from cerebellum-dependent
learning. In this section, the term “adaptation” will refer to the
process of reducing error in adaptation paradigms, that is, it
is agnostic to underlying learning mechanisms. It is neverthe-
less unavoidable that this will lead to confusion on occasion,
especially when giving a historical account, because many of
the earlier studies in this area assumed a single mechanism
was responsible for error reduction in adaptation paradigms.

Motor adaptation paradigms
Numerous approaches have been used to elicit adaptation in
laboratory tasks. One common approach is to alter the dynam-
ics of the body during movement. In reaching movements, for
instance, this is often achieved by having the participants hold
a robotic arm that applies forces to the hand during point-
to-point reaching movements. The imposed forces usually
depend on the position and/or velocity of the hand to create a
“force !eld” in which the hand must move (389). For exam-
ple, in a “viscous curl !eld,” the imposed force is proportional
to the current speed of the hand, but is directed orthogonally
to the direction of movement. A similar velocity-dependent
force-!eld perturbation can arise, even without the need for
a robotic arm, when participants make reaching movements
while seated on a rotating platform (255). Other dynamic per-
turbations can involve the addition of static loads on different
positions relative to the arm’s center of mass to alter interseg-
mental limb dynamics (250, 369). In all cases above, pertur-
bations initially lead to movement errors but, through expe-
rience, participants learn to generate forces that can counter
the imposed loads to regain their baseline levels of perfor-
mance (Fig. 3).

Another popular approach is to impose a novel mapping
between motion of an effector and the corresponding visual
feedback. As with a force !eld, this initially results in unex-
pected errors that require the motor system to adjust future
movements. Historically, such visuomotor perturbations have
been accomplished by the use of prism glasses, which can dis-
place the visual !eld vertically or laterally (444). Computer-
based setups allow for much more direct and "exible control

(A) (B)

(C) (D)

(E) (F)

Figure 3 Force-field adaptation and aftereffects. This figure illustrates
behavior in a typical force-field adaptation task (408). In this study, par-
ticipants held a robotic manipulandum, illustrated in panel A, and made
planar reaching movements toward eight different targets spaced 45!

apart. After a baseline, unperturbed period, the manipulandum applied
a force proportional to the speed of the hand, and directed perpendic-
ularly to the direction of movement, as illustrated in panel B. Whereas
baseline, unperturbed movements were relatively straight (C), the intro-
duction of the force field resulted in movement errors in the direction of
the force field (D). After prolonged training, participants adapted to the
force field, resulting in straight trajectories (panel E). Interspersed with
the training trials were occasional “catch” trials, in which the force-field
was removed, revealing the aftereffects of adaptation, with movements
exhibiting errors in the opposite direction to the perturbation as shown
in panel F: note how the direction of errors for each target in F is oppo-
site to those experienced in D (and opposite to the direction of the
perturbation in B). Panel A is adapted, with permission, from (134);
panels C to F are adapted, with permission, from (408).

of the relationship between hand position and the position of
an on-screen cursor. The most commonly used visuomotor
perturbation is visuomotor rotation (VMR) (253), in which
cursor feedback is rotated by an angle (often around 30! to
45!, though it can be larger or smaller) about the starting
position of the movement (Fig. 4). Another commonly used
type of perturbation is a change in the visuomotor gain, by
either amplifying or reducing the amount the cursor moves
for a given displacement of the hand, just like changing the
sensitivity of a mouse cursor (253, 333, 341).
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an on-screen cursor. The most commonly used visuomotor
perturbation is visuomotor rotation (VMR) (253), in which
cursor feedback is rotated by an angle (often around 30! to
45!, though it can be larger or smaller) about the starting
position of the movement (Fig. 4). Another commonly used
type of perturbation is a change in the visuomotor gain, by
either amplifying or reducing the amount the cursor moves
for a given displacement of the hand, just like changing the
sensitivity of a mouse cursor (253, 333, 341).
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ment of the asymmetry over the course of adaptation. With the
return to tied belts in postadaptation, the control initially showed
the reverse asymmetry (negative aftereffect). That is, the subject
took a relatively shorter step on the slow leg and a relatively longer
step on the fast leg. After several strides, the subject gradually
corrected step lengths on both legs and returned to a symmetric
step pattern. The cerebellar subject, however, showed only a
small negative aftereffect that did not return to symmetry. Figure
3b shows double support times on a stride-by-stride basis for the
same control and cerebellar subjects shown in Figure 2b (for
stance time, the analogous temporal variable). The plots show
differences in double support times: fast leg double support mi-
nus slow leg double support. As with step lengths, both the con-
trol and cerebellar subject had double support time differences
near zero during the baseline period, indicating the expected
symmetry. In early adaptation, both subjects initially showed a
substantial asymmetry; specifically, a relatively longer double
support time on the slow leg and a relatively faster double support
time on the fast leg. The control subject gradually corrected the
asymmetry so that by the end of adaptation the fast and slow legs
spent nearly equal amounts of time in double support, and then
in postadaptation demonstrated the expected reverse asymmetry
(negative aftereffect), which was also gradually corrected. In con-
trast, the cerebellar subject did not show the gradual improve-
ment in double support time symmetry over the course of adap-

tation and also failed to show a negative
aftereffect in early postadaptation.

Group data for these walking parame-
ters are provided in Figure 3, c and d. Step
length differences are shown in Figure 3c
and double support time differences in
Figure 3d. For both parameters, the statis-
tical analysis revealed significant group by
testing period interaction effects (all p val-
ues !0.05), indicating that control and
cerebellar groups showed different levels
of performance over the different testing
periods. For step length (Fig. 3c), the ini-
tial asymmetries during early adaptation
were of a similar magnitude in both
groups (control: "0.11 # 0.04 m, mean
difference in step lengths # 1 SD; cerebel-
lar: "0.17 # 0.06 m, post hoc, p $ 0.05).
Yet only the control group was able to cor-
rect the asymmetry over the course of ad-
aptation (late adaptation, mean "0.01 #
0.05 m, early vs late adaptation, post hoc,
p ! 0.01; late baseline vs late adaptation,
post hoc, p $ 0.05). The cerebellar group
showed no significant improvement in
step-length differences over the course of
adaptation and therefore did not ap-
proach baseline levels by the end of adap-
tation (late adaptation, mean "0.17 #
0.11 m; early vs late adaptation, post hoc,
p $ 0.05; late baseline vs late adaptation,
post hoc, p ! 0.001). In postadaptation, the
control group showed a significant nega-
tive aftereffect in step length differences
(early postadaptation, mean 0.09 # 0.08
m; late baseline vs early postadaptation,
post hoc, p ! 0.05), which is indicative of
storage of a predictive motor adaptation

(Weiner et al., 1983; Shadmehr and Mussa-Ivaldi, 1994). In con-
trast, the cerebellar group did not show a negative aftereffect in
step-length differences (early postadaptation, mean 0.04 # 0.05
m; late baseline vs early postadaptation, post hoc, p $ 0.05). The
results were very similar for the double support time measures
(Fig. 3d). Both groups showed similar initial asymmetries during
early adaptation (control: "7.4 # 5.6%, mean difference in dou-
ble support times # 1 SD; cerebellar: "10.6 # 5.0%, post hoc, p $
0.05). The control group corrected the asymmetry over the
course of adaptation (late adaptation, mean 1.3 # 3.1%; early vs
late adaptation, post hoc, p ! 0.001; late baseline vs late adapta-
tion, post hoc, p $ 0.05) and subsequently demonstrated a signif-
icant negative aftereffect in early postadaptation (early postadap-
tation, mean 5.8 # 4.7%; late baseline vs early postadaptation,
post hoc, p ! 0.05). In contrast, the cerebellar group showed only
a moderate improvement in the double support asymmetry dur-
ing adaptation and did not ever reach near-baseline (late adapta-
tion, mean "6.4 # 4.4%; early vs late adaptation, post hoc, p !
0.05; late baseline vs late adaptation, post hoc, p ! 0.01). In pos-
tadaptation, the cerebellar group showed a reduced (although
significant) negative aftereffect (early postadaptation, mean 4.0 #
5.9%; late baseline vs early postadaptation, post hoc, p ! 0.05). In
summary, the cerebellar group showed a reduction (double sup-
port) or complete inability (step length) to adjust both types of
predictive feedforward adapting walking parameters. The ac-

Figure 3. Predictive feedforward adaptations. A, B, Step length (A) and double support time (B) values for sequential strides on
the treadmill from a typical control (top row) and cerebellar (bottom row) subject across all testing periods. The control and
cerebellar subjects in A are the same subjects as shown in Figure 2 A; the control and cerebellar subjects in B are the same subjects
as shown in Figure 2 B. The first 50 strides are plotted for each component of the baseline period and for the postadaptation period;
the first 75 strides are plotted for the adaptation period. Circles indicate the difference between the legs (fast leg minus slow leg)
in step length and double support time values. C, D, Average step length (C) and double support time (D) differences for control
and cerebellar groups. Each data point represents values averaged over the early or late portions of each testing period. Error bars
indicate #1 SE. Asterisks indicate a significance level of p ! 0.05 for the post hoc analysis; ns, not significant.

Morton and Bastian • Cerebellar Splitbelt Treadmill Walking J. Neurosci., September 6, 2006 • 26(36):9107–9116 • 9111

(Morton & Bastian, 2006; Wolpert et al., 2011)
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ABSTRACT
Motor learning encompasses a wide range of phenomena, ranging from relatively low-level mech-
anisms for maintaining calibration of our movements, to making high-level cognitive decisions
about how to act in a novel situation. We survey the major existing approaches to characteriz-
ing motor learning at both the behavioral and neural level. In particular, we critically review two
long-standing paradigms used in motor learning research—adaptation and sequence learning.
We discuss the extent to which these paradigms can be considered models of motor skill acqui-
sition, defined as the incremental improvement in our ability to rapidly select and then precisely
execute appropriate actions, and conclude that they fall short of doing so. We then discuss two
classes of emerging research paradigms—learning of arbitrary visuomotor mappings de novo and
learning to execute movements with improved acuity—that more effectively address the acquisi-
tion of motor skill. Future work will be needed to determine the degree to which laboratory-based
studies of skill, as described in this review, will relate to true expertise, which is likely dependent
on the effects of practice on multiple cognitive processes that go beyond traditional sensorimotor
neural architecture. © 2019 American Physiological Society. Compr Physiol 9:613-663, 2019.

Didactic Synopsis
Major teaching points! Motor learning can be de!ned as any experience-dependent

improvement in performance.! Explicit and implicit processes both contribute to how we
learn new motor skills.! Implicit adaptation serves to maintain motor performance
in a "uctuating environment through a sensory-prediction-
error-driven learning mechanism.! Discrete sequence learning tasks reveal how we anticipate
temporal regularities in the environment, but are not likely
good models for skilled continuous sequential actions.! Many skills, like riding a bicycle, cannot be assembled from
pre-existing skills and require building a de novo controller.! Motor acuity—the quality of movement execution—can be
improved through practice.! Implicit adaptation is dependent on the cerebellum.! Explicit components of both adaptation and sequence tasks
have been shown to have pre-frontal and hippocampal
dependencies.! Action selection is associated with interactions between the
basal ganglia and motor cortex.! Motor acuity is accompanied by changes in primary and
premotor cortex, and cerebellum.

Introduction
Motor learning is a blanket term that encompasses a huge
diversity of phenomena, approaches, and disciplines. It can
apply to movements made by almost any animal species with
any effector in any task. It is of enormous practical relevance to
physical therapists, musicians, dancers, athletes, pilots, sports
coaches, and animal trainers to name but a few. Motor learning
is also of great theoretical and experimental interest to psy-
chologists and neuroscientists. From a cultural standpoint,
displays of motor skill arguably exert more fascination than
any other form of entertainment. For example, over 1 billion
people watched 22 men play with a spherical object in the
2018 World Cup Final, with more than half the world watch-
ing the tournament at some point. The reason for the world-
wide obsession with expertise in throwing, kicking, and hit-
ting balls, in hip hop dancing and ballet, and in boxing and
Kung Fu remains a mystery, but the answer almost certainly
relates in part to the years of practice required to perform at

*Correspondence to adrian.haith@jhu.edu
1Department of Neurology, Johns Hopkins University, Baltimore,
MD, USA
2Department of Neuroscience, Johns Hopkins University, Baltimore,
MD, USA
3Malone Center for Engineering in Healthcare, Johns Hopkins
University, Baltimore, MD, USA
4Moss Rehabilitation Research Institute, Philadelphia, PA, USA
Published online, April 2019 (comprehensivephysiology.com)
DOI: 10.1002/cphy.c170043
Copyright © American Physiological Society.

Volume 9, April 2019 613



Motor Adaptation

Motor Learning
John W. Krakauer,1,2,3 Alkis M. Hadjiosif,1 Jing Xu,1,3 Aaron L. Wong,1,4 and Adrian M. Haith*1

ABSTRACT
Motor learning encompasses a wide range of phenomena, ranging from relatively low-level mech-
anisms for maintaining calibration of our movements, to making high-level cognitive decisions
about how to act in a novel situation. We survey the major existing approaches to characteriz-
ing motor learning at both the behavioral and neural level. In particular, we critically review two
long-standing paradigms used in motor learning research—adaptation and sequence learning.
We discuss the extent to which these paradigms can be considered models of motor skill acqui-
sition, defined as the incremental improvement in our ability to rapidly select and then precisely
execute appropriate actions, and conclude that they fall short of doing so. We then discuss two
classes of emerging research paradigms—learning of arbitrary visuomotor mappings de novo and
learning to execute movements with improved acuity—that more effectively address the acquisi-
tion of motor skill. Future work will be needed to determine the degree to which laboratory-based
studies of skill, as described in this review, will relate to true expertise, which is likely dependent
on the effects of practice on multiple cognitive processes that go beyond traditional sensorimotor
neural architecture. © 2019 American Physiological Society. Compr Physiol 9:613-663, 2019.

Didactic Synopsis
Major teaching points! Motor learning can be de!ned as any experience-dependent

improvement in performance.! Explicit and implicit processes both contribute to how we
learn new motor skills.! Implicit adaptation serves to maintain motor performance
in a "uctuating environment through a sensory-prediction-
error-driven learning mechanism.! Discrete sequence learning tasks reveal how we anticipate
temporal regularities in the environment, but are not likely
good models for skilled continuous sequential actions.! Many skills, like riding a bicycle, cannot be assembled from
pre-existing skills and require building a de novo controller.! Motor acuity—the quality of movement execution—can be
improved through practice.! Implicit adaptation is dependent on the cerebellum.! Explicit components of both adaptation and sequence tasks
have been shown to have pre-frontal and hippocampal
dependencies.! Action selection is associated with interactions between the
basal ganglia and motor cortex.! Motor acuity is accompanied by changes in primary and
premotor cortex, and cerebellum.

Introduction
Motor learning is a blanket term that encompasses a huge
diversity of phenomena, approaches, and disciplines. It can
apply to movements made by almost any animal species with
any effector in any task. It is of enormous practical relevance to
physical therapists, musicians, dancers, athletes, pilots, sports
coaches, and animal trainers to name but a few. Motor learning
is also of great theoretical and experimental interest to psy-
chologists and neuroscientists. From a cultural standpoint,
displays of motor skill arguably exert more fascination than
any other form of entertainment. For example, over 1 billion
people watched 22 men play with a spherical object in the
2018 World Cup Final, with more than half the world watch-
ing the tournament at some point. The reason for the world-
wide obsession with expertise in throwing, kicking, and hit-
ting balls, in hip hop dancing and ballet, and in boxing and
Kung Fu remains a mystery, but the answer almost certainly
relates in part to the years of practice required to perform at

*Correspondence to adrian.haith@jhu.edu
1Department of Neurology, Johns Hopkins University, Baltimore,
MD, USA
2Department of Neuroscience, Johns Hopkins University, Baltimore,
MD, USA
3Malone Center for Engineering in Healthcare, Johns Hopkins
University, Baltimore, MD, USA
4Moss Rehabilitation Research Institute, Philadelphia, PA, USA
Published online, April 2019 (comprehensivephysiology.com)
DOI: 10.1002/cphy.c170043
Copyright © American Physiological Society.

Volume 9, April 2019 613

“A particular type of behavioral change that involves
adjusting how an already well-practiced action is
executed to maintain performance in response to a
change in the environment or the body, either by
selecting an alternative well-practiced action or
modifying how the current action is executed.”

“The goal of the action remains the same”



Capacità di ada*are, trasformare e correggere il proprio programma motorio in condizioni imprevedibili e che 
variano repen9namente
Capacità di adeguare lo schema di movimento a una situazione non predeterminata, mutevole e imprevedibile 
al fine di renderlo adatto alle richieste che si presentano
Capacità di trasformare il proprio obiettivo motorio in base a ciò che accade nell’ambiente e reagendo ai 
feedback che ricevi. Un aggiustamento del movimento in corso.
Consiste nel variare il movimento appreso in precedenza in base alle nuove condizioni del contesto in cui il 
soggetto si trova
Specifica capacità coordinativa che rispecchia il sapere adeguare un’azione motoria ai vari cambiamenti 
situazionali o proseguirla in maniera completamente diversa senza perdere efficienza ed economicità
L’insieme dei processi mentali necessari ad acquisire comportamenti stabili,  relativi ad una prestazione motoria 
Capacità coordinativa, che ci permette di modificare il nostro progetto motorio a seconda della situazione che si 
verifica
Trovare la modalità per svolgere un determinato movimento.
Modifica dello schema comportamentale per accogliere eventi nuovi e ignoti
Capacità specifica per adattare gesti abituali a situazioni inaspettate per raggiungere comunque un obiettivo
Capacità coordinativa che ci permette di modificare il nostro progetto motorio a seconda della situazione che si 
verifica.
L’insieme di più capacità coordinative (equilibrio, ritmo, reazione, orientamento spazio-temporale), che 
permettono ad un individuo di adattare/modificare un’azione motoria in seguito ad un imprevisto o un 
avvenimento inatteso
Capacità coordinativa di adattare, a seconda delle cangianti situazioni di contesto, l’azione motoria in corso
Motorio presuppone che si possa essere in grado di adattare questa abilità ad un contesto, un compito  motorio, 
più o meno simile
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Motor Adaptation

end of training on day 1, we measured the plateau value (i.e., last
30 strides). The mean and SEs of plateau values for each exposure
are shown by the error bars at the end of the adaptation curves
(only first 190 strides are shown) in Figures 2– 4. For the No
Washout and No Switch groups, where training was continuous
for 15 min, this meant that we took the last 30 strides from the
Day 1, Exposure 1 (blue symbols). For the Switch and Switch
Control groups, we compared behavior after the complete 15 min
of training (i.e., last 30 steps of the third exposure, yellow sym-
bols). We found no differences in plateau in any of the parame-
ters: step symmetry (F(3,24) ! 0.40, p ! 0.75), center of oscillation
difference (F(3,24) ! 1.20, p ! 0.33), phasing (F(3,24) ! 0.40, p !
0.76). Since all groups adapted similarly to the perturbation, and
adapted the same amount on the first day, we concluded that day
1 behavior was the same across groups. In verifying that day 1
behavior was the same, we could assume that our measures as-
sessing differences across days were due to changes in day 2
behavior.

Figure 2 shows our primary measure of step symmetry. Group
means, smoothed by three strides, " SE are shown. We saw typ-
ical adaptation behavior on the first day, where subjects in all
groups were initially perturbed by the split-belt and returned
toward symmetric walking with increasing stride number. The
first 190 steps (#5 min) of adaptation are shown (in blue for day
1 and in red for day 2), averaging every three strides, with the final
plateau shown at the end.

When subjects were brought back 24 h later and immediately
exposed to the split-belts (i.e., No Washout group, Fig. 2A), the
walking pattern was very well retained (i.e., compare blue plateau
with first stride of the red curve). Additionally, subjects were
much less perturbed and adapted faster on the second day, seen
by comparing blue and red curves in Figure 2A.

Since we found substantial retention the following day in the
No Washout group and were concerned about a ceiling effect, we
included a washout before readaptation for the remaining groups
so that we could assess improvements from training structure.
That is, on day 2 we washed out the adaptation done on day 1.
This meant that all subjects would be in a baseline state, so that we
could assess changes in readaptation. We used the average of the
last 30 strides from this day 2 baseline period as the reference for
day 2 behavior (i.e., red bars before adaptation, Figs. 2– 4). Fol-
lowing this washout, we then assessed readaptation to split-belts
on the second day.

Figure 2B shows how subjects readapted to the perturbation
in the No Switch group. Subjects in this group showed a much
smaller change across days, but still retained some memory from
the previous day’s training, as evidenced by the difference be-
tween the blue and red curves. In the Switch group, subjects were
allowed to adapt and washout their walking pattern multiple
times on the first day, so they would be forced to continue switch-
ing their walking pattern between the adapted and de-adapted
state. Behavior for the Switch group is shown in Figure 2C, with
each exposure plotted. Note that these subjects were initially per-
turbed by the split-belts in each exposure (i.e., large errors in
beginning of blue, green, and yellow curves in Fig. 2C). Using a
repeated-measures ANOVA, we compared the plateau of the
prior exposure to the first stride on the next exposure (e.g., blue
plateau symbols and green first stride) and found a significant
change (F(1,13) ! 48.02, p $ 0.001). Subjects then adapted to the
perturbation with a reduction in errors as stride number in-
creased. Interestingly, the rate at which they adapted became pro-
gressively faster with each exposure to the split-belts (i.e.,
compare blue, green, and yellow curves in Fig. 2C). With a
repeated-measures ANOVA of early change values on day 1, we
found an effect of exposure (Greenhouse-Geisser corrected:
F(1.1,6.7) ! 12.97, p ! 0.008). When these subjects returned the
second day, they adapted faster than in any of the exposures on
the first day. To test whether simply interspersing breaks, rather
than washout periods, between split-belt exposures was sufficient
to influence readaptation, we tested a Switch Control group that
sat for 5 min between adaptation epochs. We did not observe
similar increases in errors from time alone between exposures as
we did when split-belt periods were interspersed with tied-belt
washout periods in the Switch group (e.g., compare blue plateau
to first point of green curve, Fig. 2C,D). We did not find a signif-
icant change between plateau of one exposure to the first stride on
the next exposure (F(1,13) ! 0.25, p ! 0.62). Rather, subjects in
the Switch Control group returned to the adapted pattern they
ended with, even after sitting for 5 min. In addition, while adap-
tation on day 2 was faster than in the first exposure to split-belts

Figure 2. Comparison of step symmetry adaptation across groups. Baseline, first stride,
adaptation curves (smoothed by 3 strides) for a portion of training epochs (2–190), and final
plateau values are shown. A, No Washout. Mean step symmetry values subtracted from baseline
are shown. The first stride is off-set as individual symbols, with mean and SE bars. Average
adaptation curves ("SEs in shaded region) for strides 2–190 (#5 min) of adaptation on day 1
and day 2 are shown in blue and red lines, respectively. Points plotted at the end of these curves
represent means ("SE) of the last 30 steps of adaptation on day 1 and 2, also called “plateau”
values. B, No Switch. Data are shown as in A, except that this group had a tied-belt period
preceding adaptation on day 2 as well (mean of the last 30 s " SE shown in red at beginning of
plot). C, Switch. Data are shown as in B. This group experienced three 5 min exposures to
split-belts, interspersed with 5 min washout periods on day 1. Thus, the data plotted in green
and yellow represent average values during the second and third exposures to split-belts, re-
spectively. Mean baseline values for exposures 2 and 3 shown at the beginning of this plot
represent mean step symmetry in the last 30 s of the washout period preceding that exposure.
D, Switch Control. Data are shown as in C. In this group, subjects were given breaks instead of
being washed-out between exposures to split-belts, thus baseline data for exposures 2 and 3
are not shown. E, Comparison of day 2 curves. Day 2 adaptation curves and plateau values for
each group are shown. Note that all groups reach the same plateau, but differences are seen in
the early change of adaptation, with No Washout showing the most improvement, followed by
Switch, while No Switch and Switch Control show the least improvement. F, Exponential curve
fits for day 2 curves. Average points are shown for the data presented in E. Single exponential
time constants (t) with 95% confidence bounds are shown in the legend.

Malone et al. • Training Structure Speeds Relearning J. Neurosci., October 19, 2011 • 31(42):15136 –15143 • 15139

rotation no longer interfered with im-
provement on relearning. Resistance to in-
terference was not, however, associated
with any change in the amount of adapta-
tion achieved on day 1: the residual direc-
tional error in the last two of the 66 cycles
of training (4.5 ! 1.99°) was not signifi-
cantly different from that achieved for the
last two of the 33 cycles of training (4.9 !
3.4°; F(1,36) " 0.231; p # 0.05) in experi-
ment 2.

It might be argued that the apparent
resistance to interference was attributable
to the disproportionate amount of learn-
ing of the rotation relative to the counter-
rotation (66 vs 33 cycles). To examine this
possibility, we tested a group of three sub-
jects (group 11) with 66 cycles of counter-
rotation 5 min after training with 66 cycles
of rotation. The average improvement
with relearning (17.5 ! 2.2%) was not less
than that for group 9 (17.1 ! 3.3%), which
only had 33 cycles of counter-rotation
training. Finally, we asked whether it is the
spacing of the two blocks of training with a
washout block in-between that induces re-
sistance to interference. To address this
question, three extra subjects (group 12)
were trained with 66 uninterrupted cycles
of rotation, followed by 33 cycles of
counter-rotation at 5 min. Their average
improvement at relearning was 16.89 !
3.5%. A comparison of groups 9, 11, and
12 showed no significant difference in im-
provement at relearning (F(2,9) " 0.197;
p # 0.05).

Experiment 4: improvement with
relearning decreases with
time: forgetting
To assess persistence of improved learning
over time, we trained two groups of six
subjects (Table 1, groups 13 and 14), one
with 33 cycles and the other with 66 cycles
of the rotation. Relearning after an interval
of 24 hr (group 13, 26.0 ! 4.1°; group 14,
28.30 ! 3.8°) was greater than that for the
comparable groups that relearned after 48
hr (group 5, 21.1 ! 2.5°; group 8, 18.36 !
2.38°; p $ 0.05). Thus, performance im-
provement, although still robust at 48 hr,
had modestly decayed or previous learning
was less retrievable.

Discussion
The experiments presented here sought to
determine whether the learning of a visuo-
motor transformation, specifically a 30°
rotation, undergoes a process of consoli-
dation whereby learning becomes resistant
to interference. In the first experiment, we
found that interference with the 30° rota-
tion by a 30° counter-rotation persisted

Figure 2. Experiment 2. A–C, Rotation learning and relearning curves with washout. Repeated-measures ANOVA revealed a
significant effect of session (learning vs relearning) on directional error (F(1,30) " 10.828; p " 0.0026). There was no significant
effect of group (F(1,30) " 0.097; p " 0.9075) nor a significant session % group interaction (F(3,30) " 0.439; p " 0.649). D,
Percentage change in learning from the learning to the relearning session. ANOVA revealed a main effect of group (F(2,15) " 4.17;
p " 0.03). Post hoc tests showed a significant difference ( p $ 0.016) between the control and the 5 min interference group but
not between the control group and the 24 hr interference group ( p # 0.05).

Figure 3. Experiment 3. A–C, Rotation learning and relearning curves with extended training and washout. Repeated-
measures ANOVA revealed a significant effect of session (learning vs relearning) on directional error (F(1,30) "21.16; p $0.0001).
There was no significant effect of group (F(2,30) " 1.87; p " 0.17) nor a significant session % group interaction (F(3,30) " 0.009;
p " 0.99). D, Percentage change in rotation learning from the learning to the relearning session. ANOVA revealed no significant
difference between groups (F(2,15) " 0.046; p " 0.95).
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Motor Adaptation 
≠

“De novo” motor learning

“A new motor controller (that is, some network or process
that generates motor output given the state of the body and
current goals) is formed from scratch rather than derived
from existing ones”

“Learn new ways to respond to incoming information by
selecting the appropriate action response, whether that is
information coming from the environment or from sensors
within our body”



“De novo” motor learning

What experimental paradigm?

(Yang et al., 2021; Haith et al., 2021)



 5 

t-test: p < .001, t = 4.70) and peak velocity (paired t-test: p < .01, t = 3.61), but not path length 
(paired t-test, p = 0.19, t = 1.94). Therefore, performance under the Bimanual mapping came 
close to that under the Baseline mapping but remained slightly poorer. 
 
 
Rapid feedback responses emerged gradually with practice 
In addition to quantifying the quality of participants’ point-to-point movements, we also 
examined participants’ ability to generate rapid corrections when the target jumped to a new 
location during movement. In 1/3 of trials, the target was displaced orthogonal to the required 
movement direction by either +/- 1.5 cm or +/- 3 cm, after the cursor crossed a line 1/3 of the 
distance between the start position and the target (Figure 3A). On the first day of practice, 
participants generated weak and erratic responses to target jumps. Starting on the second day, 
however, a clear response emerged which became more rapid over subsequent days of practice 
(Figure 3B). 
 
We quantified the strength of the feedback response in terms of the peak correction speed 
(parallel to the target displacement) and the latency to this peak speed. The peak speed of 
correction increased from the first to the fourth practice session for both large and small target  

 
Figure 2. Performance under the Bimanual mapping improved gradually with practice. A) Example 
trajectories for a representative participant in Experiment 1, showing the first 20 movements of a block 
during Day 1 (left) and Day 4 (right). Green and red lines show trajectories of the left and right hands, 
respectively (which the participant could not see), while the dark blue lines show trajectories of the 
cursor. B) Normalized path length for each trial under the Baseline mapping before (left) and after 
(right) training under the Bimanual mapping on Day 1. Thick black line indicates average across 
participants. Thin gray lines indicate individual participants. C) Average normalized path length across 
each block for the duration of the experiment. Black points indicate performance under the Baseline 
mapping. Colored lines indicate performance under the Bimanual mapping. Solid vertical lines indicate 
breaks between days. Vertical dashed lines indicate brief breaks between chunks of blocks. Shaded 
regions indicate +/- standard error in the mean across participants. D) and E) as C) but for movement 
duration and reaction time, respectively. 
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“De novo” motor learning

Analysis of the ball trajectory in the real task.
To afford data analysis in comparable fashion in both virtual
and real skittles, the data from the real skittles task needed
more prior processing. Speci!cally, the 3D ball trajectory was
reduced to 2D to afford identical analysis of variability in
both the real and the virtual task.

As in the virtual set-up, the real ball trajectory was fully
determined by the position and velocity at the time of ball
release. To optimize the comparison of the two tasks, the 3D
kinematics of the ball was !rst projected onto 2D table plane,
similar to the virtual model task. In addition, the position of
the hand at ball release was, in principle, free to vary in two
dimensions, as the handmovements were not constrained to
the circular path of the manipulandum around the pivot.
However, to match the ball releases in the real and virtual
task, the experimenter speci!ed the release position to the
subject with a point on the table. Although this location was
visible, subjects still had some leeway as to when and where
to release the ball. Figure 4, A and B shows the release posi-
tions of the eight subjects at the beginning (Block 1) and end

of practice (Block 12). Each subject’s ball releases are indi-
cated by a con!dence ellipse calculated for all trials in a
block; as can be seen, they slightly varied between individu-
als and across blocks, but the size of the con!dence ellipse
decreased with practice and attenuated variations (Fig. 4C).
As will be noted below, the different release positions cre-
ated small variations to the solution manifold. As illustrated
in the virtual task, xr and yr represented the release position,
hr was the release angle, and vr was the scalar value of the
tangential velocity at release (Fig. 2A). Again, to match
the two task scenarios and reduce the two variables to one,
the mean position of releases was determined and !xed
for each block of 30 trials. The equations of motion of the
ball in the horizontal plane were identical to those of the
virtual skittles model (Eq. 5–12).

To determine the moment of release from the motion cap-
ture data (note there was no thresholded force sensor on the
ball), the distance between the thumb marker and the ball
marker was calculated; the instant of release was determined
when the separation velocity of those two markers exceeded

Figure 4. Release positions in the real skittles task. A: distributions of release points for all eight subjects in Block 1; each ellipse represents the 68% con-
!dence region of 30 releases for one subject. B: con!dence ellipses of release points of all eight subjects in Block 12. C: change of 68% con!dence area
from Block 1 to Block 12, indicating that the release positions were increasingly better controlled following the instructions; the error bars represent
standard errors across subjects.

Figure 3. Experimental setup of the real skittles in the laboratory. A: the subject stood close to a table of regular height with the skittles game placed on
the table top. Nine re"ective markers (represented by gray circles) were attached to the subject’s right arm, the top of the post, and the top of the target
skittle. The ball was also covered with re"ective tape and identi!ed as a marker. Twelve motion capture cameras recorded the three-dimensional posi-
tion of the markers. B: dimensions of the real skittles task. The red, yellow, and gray lines represent post, target, and string, respectively. Note that the
string was 1.5 cm longer than the post. This ensured that when the subject de"ected the ball and string, the ball remained close to the table surface. This
facilitated the projection of the ball onto the two-dimensional surface in the analysis. C: exemplary hand and ball trajectories plotted in three-dimensional
space.
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Figure 3. Experimental setup of the real skittles in the laboratory. A: the subject stood close to a table of regular height with the skittles game placed on
the table top. Nine re"ective markers (represented by gray circles) were attached to the subject’s right arm, the top of the post, and the top of the target
skittle. The ball was also covered with re"ective tape and identi!ed as a marker. Twelve motion capture cameras recorded the three-dimensional posi-
tion of the markers. B: dimensions of the real skittles task. The red, yellow, and gray lines represent post, target, and string, respectively. Note that the
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the table top. Nine re"ective markers (represented by gray circles) were attached to the subject’s right arm, the top of the post, and the top of the target
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tion of the markers. B: dimensions of the real skittles task. The red, yellow, and gray lines represent post, target, and string, respectively. Note that the
string was 1.5 cm longer than the post. This ensured that when the subject de"ected the ball and string, the ball remained close to the table surface. This
facilitated the projection of the ball onto the two-dimensional surface in the analysis. C: exemplary hand and ball trajectories plotted in three-dimensional
space.
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3 days of practice. The variability decomposition revealed
that !nding the error-tolerant solution took longer in the vir-
tual task and was the main contributor to this difference.
Only in the real task did subjects reach a stage where they
could !ne-tune their throws. One potentially important fac-
tor to this superior task performance in real throwing was
that subjects had some leeway to position the ball release
and could, thereby, slightly modify the solution manifold in
favor of successful throws.

METHODS
Participants.
A total of 16 healthy right-handed undergraduate and
graduate students (10 female, 6 male, mean age 23.4 yr)
participated in the two experiments. Eight subjects were
randomly assigned to the virtual task, and eight subjects
were assigned to the real task. All subjects were informed
about the procedures and gave written consent before the
data collection; they received $30 compensation upon
completion of the three practice sessions. The protocol
was approved by the Institutional Review Board at
Northeastern University.

Experimental paradigms.
The basic experimental task was inspired by the British pub
game skittles, which is similar to the playground game teth-
erball in the United States. In the skittles game, subjects
throw a ball tethered to a vertical post and aim to knock
down a target skittle on the other side of the post (Fig. 1A).
This study used two sets of equipment to compare motor
learning in a virtual and a real environment.

Virtual skittles.
The virtual set-up was identical to what was used in previous
studies (e.g., Hasson et al. 2016; Zhang et al. 2018). Subjects
stood in front of a back-projection screen at a distance of 1.5m
and rested their dominant arm on a horizontal manipula-
ndum adjusted to a comfortable height (Fig. 1B). The single-
degree-of-freedom lever arm restricted their movements to
rotations around the elbow joint in the horizontal plane. This
simpli!cation of the movement enabled fast recording and
rendering of the movement in the virtual environment with
minimal delay. Angular rotations of themanipulandumwere
recorded by an optical encoder with a sampling frequency of
1,000 Hz (BEI Sensors, Goleta, CA); the forearm movements
were shown in real time on the screen as a purple bar rotating
around a pivot. A wooden ball was af!xed to the distal end of
the manipulandum with a small force sensor attached to it
(Interlink Electronics, Camarillo, CA). Subjects grasped this
ball by closing their !ngers onto the force sensor. To throw
the virtual ball, subjects"exed their forearmandopened their
hand as in a forearm Frisbee throw. Releasing the !nger from
the force sensor initiated the ball"ight. After release, the sub-
ject saw the ball traversing an elliptic trajectory around the
post (Fig. 1C). To ensure that subjects understood the task and
the ball trajectories as shown on the screen, the experimenter
showed the subject a small table version of the real skittles
game and demonstrated the ball release and how it traversed
thepost tohit a target skittle.

The ball trajectory was calculated on the basis of the
online-measured angular position and velocity of the
manipulandum at the moment when the !nger lifted from
the force sensor. Throwing performance was described by
the error de!ned as the minimum distance between the

Figure 1. Skittles game and the virtual environment. A: sche-
matic depiction of the real skittles game in three dimen-
sions. B: experimental setup of the virtual skittles. The
subject stands 1.5 m in front of a back projection screen
with her forearm rested on a horizontal lever arm, and the
pivot is aligned with the elbow joint. A wooden ball is
attached at the distal end of the lever arm. C: top-down
view of the workspace. The red and yellow circles represent
the center post and target, respectively; the purple bar
shows the position of the lever arm at the moment of
release. Three exemplary ball trajectories are plotted as
solid or dashed black lines. The performance error is
de!ned by the minimum distance between the ball trajec-
tory and the target. D: solution space and solution manifold
of the virtual task. The brown shading indicates the perform-
ance error, and the green band is the solution manifold,
with the three points corresponding to the three ball
releases in C.
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descriptive performance measures error and success rate
could be calculated in analogous fashion for both the real
and virtual tasks.

Tolerance-noise-covariation analysis.
To provide a more !ne-grained characterization of the
potential performance differences between the real and the
virtual skittles task, the variability in the redundant execu-
tion space was decomposed using the TNC-analysis. To track
how performance changed, the distribution of the variables
was parsed into three contributions or costs: tolerance,
noise, and covariation (Cohen and Sternad 2009). This anal-
ysis was conducted on each block of 30 trials. Figure 7 shows
performance of the same two subjects as in Fig. 6 from day 1,
day 2, and day 3, one subject for the virtual and one subject
for the real task; each point represents a single throw.
Calculation details for the TNC-costs are provided in
APPENDIX B, as this method was already applied in several
previous studies (Cohen and Sternad 2009; Sternad et al.
2010; Van Stan et al. 2017).

The color scale of the data points indicates trial number,
illustrating how the sequence of throws traversed through
the space on each practice day. After a large spread on day
1, especially in the virtual task, the data started to settle on
a location of the solution manifold on day 2. This traversal
in the solution space is captured by tolerance-cost. The
data in real skittles also show an alignment with the solu-
tion manifold, a feature that is quanti!ed in covariation-
cost. Day 3 shows some further clustering and reducing of
noise, i.e., optimizing noise-cost, although this is not as
pronounced as other experiments revealed (Cohen and
Sternad 2009). Compared with these previous studies, the
practice time in the current experiment was relatively

short, and the reduction of noise and covariation tended
to occur in later stages of practice. Figure 6 shows the val-
ues of the three costs in each panel. For example, T-
cost = 7.3 cm means that the set of throws could improve
by 7.3 cm in accuracy if the data distribution had been
shifted to better overlap with the solution manifold (see
APPENDIX A).

Note that the solution manifolds in Fig. 7 are slightly dif-
ferent for the two tasks. This is because the real game
allowed some variation of the x-y hand position at ball
release, as the hand movements were not constrained to a
circular path. This release position affected the geometry of
the solution manifold. Therefore, the mean release position
was estimated for each practice block and used to create the
solution space for each block of trials separately. In addition,
the average k and c values were calculated per block as they
also changed slightly. These small variations of the parame-
ters modi!ed the geometry of the execution space and the
solution manifold, as can be seen in Fig. 7. Speci!cally, the
solution manifolds in the real task tended to be further away
from the boundary that resulted in post hits (black area).

Note that, in principle, the TNC analysis could have been
performed on the full three-dimensional data of the real skit-
tles task with four execution variables, release position in x-
and y-dimensions, release angle, and release velocity.
However, the x-y coordinates of the release position were not
independent from the release angle, since the ball trajectory
was constrained to a circular arc by the pendular string. As
the release positions of each individual were relatively con-
sistent, the analysis could !x the mean release position and
reduce the execution variables to the same variables as in
the virtual task and, thereby, facilitate comparison across
the two tasks.

Figure 7. Solution spaces in the virtual (top) and real (bottom) task. The white color denotes the solution manifold; black denotes throws that hit the cen-
ter post. The data points from the same two subjects as in Fig. 6 are shown in each task. The color of the throws denotes the trial number, showing how
the throws change with respect to the solution manifold across practice. Note that the virtual and real task show slightly different geometries of the solu-
tion manifolds. For each panel, the values of the tolerance-noise-covariation costs are listed.

BACK TO REALITY: DIFFERENCES IN LEARNING STRATEGY

50 J Neurophysiol ! doi:10.1152/jn.00197.2020 ! www.jn.org
Downloaded from journals.physiology.org/journal/jn at Univ Studi Di Verona (157.027.085.129) on March 18, 2021.

descriptive performance measures error and success rate
could be calculated in analogous fashion for both the real
and virtual tasks.

Tolerance-noise-covariation analysis.
To provide a more !ne-grained characterization of the
potential performance differences between the real and the
virtual skittles task, the variability in the redundant execu-
tion space was decomposed using the TNC-analysis. To track
how performance changed, the distribution of the variables
was parsed into three contributions or costs: tolerance,
noise, and covariation (Cohen and Sternad 2009). This anal-
ysis was conducted on each block of 30 trials. Figure 7 shows
performance of the same two subjects as in Fig. 6 from day 1,
day 2, and day 3, one subject for the virtual and one subject
for the real task; each point represents a single throw.
Calculation details for the TNC-costs are provided in
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ues of the three costs in each panel. For example, T-
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correlations between error and T-, N-, and C-cost were per-
formed for each subject across 12 blocks, respectively. The
results are summarized in Table 1. In both groups, T-cost
showed highly signi!cant positive correlations with error in
most individuals. However, in the real task only, 4 out of 8
subjects also showed positive correlations in N-cost and C-
cost. These results indicate that while T-cost mainly drove
the performance improvement in both conditions, the real
task also allowed for noise reduction and covariation, N-cost,
and C-cost, to add to improvements.

DISCUSSION
Over the past few decades, numerous studies in move-

ment neuroscience and in physical therapy have employed

virtual reality set-ups as they allow sophisticated manipula-
tions and measurements that were impossible in real test-
beds. In parallel, physical therapy has adopted virtual reality
as a means to deliver motivating games that allow quantita-
tive measures of performance, multisensory feedback, and
individualized challenges in salient and enriched environ-
ments (Levac et al. 2019; Levin et al. 2015; Saposnik and
Levin 2011). However, the evident expectation that the
skills acquired during virtual rehabilitation transfer to
the real environment has not found much support
(Anglin et al. 2017; de Mello Monteiro et al. 2014; Levac et
al. 2019; Quadrado et al. 2019). These results raised the
concern that movements in a virtual world may not faith-
fully represent determinants of movements in the real
world.

Figure 9. Exemplary results from all 16 subjects in the virtual and real tasks. Top: subject 1 to subject 8 in the virtual task. Bottom: subject 9 to subject 16
in the real task. For each subject, the 30 throws on Block 1 are shown in red, and the 30 throws of Block 12 are shown in blue. The values of average per-
formance error are listed in the bottom right corner of each panel. As to be expected, the real throwing performance shows more differences in strategy
between subjects that, on the whole, all lead to better performance.
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t-test: p < .001, t = 4.70) and peak velocity (paired t-test: p < .01, t = 3.61), but not path length 
(paired t-test, p = 0.19, t = 1.94). Therefore, performance under the Bimanual mapping came 
close to that under the Baseline mapping but remained slightly poorer. 
 
 
Rapid feedback responses emerged gradually with practice 
In addition to quantifying the quality of participants’ point-to-point movements, we also 
examined participants’ ability to generate rapid corrections when the target jumped to a new 
location during movement. In 1/3 of trials, the target was displaced orthogonal to the required 
movement direction by either +/- 1.5 cm or +/- 3 cm, after the cursor crossed a line 1/3 of the 
distance between the start position and the target (Figure 3A). On the first day of practice, 
participants generated weak and erratic responses to target jumps. Starting on the second day, 
however, a clear response emerged which became more rapid over subsequent days of practice 
(Figure 3B). 
 
We quantified the strength of the feedback response in terms of the peak correction speed 
(parallel to the target displacement) and the latency to this peak speed. The peak speed of 
correction increased from the first to the fourth practice session for both large and small target  

 
Figure 2. Performance under the Bimanual mapping improved gradually with practice. A) Example 
trajectories for a representative participant in Experiment 1, showing the first 20 movements of a block 
during Day 1 (left) and Day 4 (right). Green and red lines show trajectories of the left and right hands, 
respectively (which the participant could not see), while the dark blue lines show trajectories of the 
cursor. B) Normalized path length for each trial under the Baseline mapping before (left) and after 
(right) training under the Bimanual mapping on Day 1. Thick black line indicates average across 
participants. Thin gray lines indicate individual participants. C) Average normalized path length across 
each block for the duration of the experiment. Black points indicate performance under the Baseline 
mapping. Colored lines indicate performance under the Bimanual mapping. Solid vertical lines indicate 
breaks between days. Vertical dashed lines indicate brief breaks between chunks of blocks. Shaded 
regions indicate +/- standard error in the mean across participants. D) and E) as C) but for movement 
duration and reaction time, respectively. 
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descriptive performance measures error and success rate
could be calculated in analogous fashion for both the real
and virtual tasks.

Tolerance-noise-covariation analysis.
To provide a more !ne-grained characterization of the
potential performance differences between the real and the
virtual skittles task, the variability in the redundant execu-
tion space was decomposed using the TNC-analysis. To track
how performance changed, the distribution of the variables
was parsed into three contributions or costs: tolerance,
noise, and covariation (Cohen and Sternad 2009). This anal-
ysis was conducted on each block of 30 trials. Figure 7 shows
performance of the same two subjects as in Fig. 6 from day 1,
day 2, and day 3, one subject for the virtual and one subject
for the real task; each point represents a single throw.
Calculation details for the TNC-costs are provided in
APPENDIX B, as this method was already applied in several
previous studies (Cohen and Sternad 2009; Sternad et al.
2010; Van Stan et al. 2017).

The color scale of the data points indicates trial number,
illustrating how the sequence of throws traversed through
the space on each practice day. After a large spread on day
1, especially in the virtual task, the data started to settle on
a location of the solution manifold on day 2. This traversal
in the solution space is captured by tolerance-cost. The
data in real skittles also show an alignment with the solu-
tion manifold, a feature that is quanti!ed in covariation-
cost. Day 3 shows some further clustering and reducing of
noise, i.e., optimizing noise-cost, although this is not as
pronounced as other experiments revealed (Cohen and
Sternad 2009). Compared with these previous studies, the
practice time in the current experiment was relatively

short, and the reduction of noise and covariation tended
to occur in later stages of practice. Figure 6 shows the val-
ues of the three costs in each panel. For example, T-
cost = 7.3 cm means that the set of throws could improve
by 7.3 cm in accuracy if the data distribution had been
shifted to better overlap with the solution manifold (see
APPENDIX A).

Note that the solution manifolds in Fig. 7 are slightly dif-
ferent for the two tasks. This is because the real game
allowed some variation of the x-y hand position at ball
release, as the hand movements were not constrained to a
circular path. This release position affected the geometry of
the solution manifold. Therefore, the mean release position
was estimated for each practice block and used to create the
solution space for each block of trials separately. In addition,
the average k and c values were calculated per block as they
also changed slightly. These small variations of the parame-
ters modi!ed the geometry of the execution space and the
solution manifold, as can be seen in Fig. 7. Speci!cally, the
solution manifolds in the real task tended to be further away
from the boundary that resulted in post hits (black area).

Note that, in principle, the TNC analysis could have been
performed on the full three-dimensional data of the real skit-
tles task with four execution variables, release position in x-
and y-dimensions, release angle, and release velocity.
However, the x-y coordinates of the release position were not
independent from the release angle, since the ball trajectory
was constrained to a circular arc by the pendular string. As
the release positions of each individual were relatively con-
sistent, the analysis could !x the mean release position and
reduce the execution variables to the same variables as in
the virtual task and, thereby, facilitate comparison across
the two tasks.

Figure 7. Solution spaces in the virtual (top) and real (bottom) task. The white color denotes the solution manifold; black denotes throws that hit the cen-
ter post. The data points from the same two subjects as in Fig. 6 are shown in each task. The color of the throws denotes the trial number, showing how
the throws change with respect to the solution manifold across practice. Note that the virtual and real task show slightly different geometries of the solu-
tion manifolds. For each panel, the values of the tolerance-noise-covariation costs are listed.
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descriptive performance measures error and success rate
could be calculated in analogous fashion for both the real
and virtual tasks.

Tolerance-noise-covariation analysis.
To provide a more !ne-grained characterization of the
potential performance differences between the real and the
virtual skittles task, the variability in the redundant execu-
tion space was decomposed using the TNC-analysis. To track
how performance changed, the distribution of the variables
was parsed into three contributions or costs: tolerance,
noise, and covariation (Cohen and Sternad 2009). This anal-
ysis was conducted on each block of 30 trials. Figure 7 shows
performance of the same two subjects as in Fig. 6 from day 1,
day 2, and day 3, one subject for the virtual and one subject
for the real task; each point represents a single throw.
Calculation details for the TNC-costs are provided in
APPENDIX B, as this method was already applied in several
previous studies (Cohen and Sternad 2009; Sternad et al.
2010; Van Stan et al. 2017).

The color scale of the data points indicates trial number,
illustrating how the sequence of throws traversed through
the space on each practice day. After a large spread on day
1, especially in the virtual task, the data started to settle on
a location of the solution manifold on day 2. This traversal
in the solution space is captured by tolerance-cost. The
data in real skittles also show an alignment with the solu-
tion manifold, a feature that is quanti!ed in covariation-
cost. Day 3 shows some further clustering and reducing of
noise, i.e., optimizing noise-cost, although this is not as
pronounced as other experiments revealed (Cohen and
Sternad 2009). Compared with these previous studies, the
practice time in the current experiment was relatively

short, and the reduction of noise and covariation tended
to occur in later stages of practice. Figure 6 shows the val-
ues of the three costs in each panel. For example, T-
cost = 7.3 cm means that the set of throws could improve
by 7.3 cm in accuracy if the data distribution had been
shifted to better overlap with the solution manifold (see
APPENDIX A).

Note that the solution manifolds in Fig. 7 are slightly dif-
ferent for the two tasks. This is because the real game
allowed some variation of the x-y hand position at ball
release, as the hand movements were not constrained to a
circular path. This release position affected the geometry of
the solution manifold. Therefore, the mean release position
was estimated for each practice block and used to create the
solution space for each block of trials separately. In addition,
the average k and c values were calculated per block as they
also changed slightly. These small variations of the parame-
ters modi!ed the geometry of the execution space and the
solution manifold, as can be seen in Fig. 7. Speci!cally, the
solution manifolds in the real task tended to be further away
from the boundary that resulted in post hits (black area).

Note that, in principle, the TNC analysis could have been
performed on the full three-dimensional data of the real skit-
tles task with four execution variables, release position in x-
and y-dimensions, release angle, and release velocity.
However, the x-y coordinates of the release position were not
independent from the release angle, since the ball trajectory
was constrained to a circular arc by the pendular string. As
the release positions of each individual were relatively con-
sistent, the analysis could !x the mean release position and
reduce the execution variables to the same variables as in
the virtual task and, thereby, facilitate comparison across
the two tasks.

Figure 7. Solution spaces in the virtual (top) and real (bottom) task. The white color denotes the solution manifold; black denotes throws that hit the cen-
ter post. The data points from the same two subjects as in Fig. 6 are shown in each task. The color of the throws denotes the trial number, showing how
the throws change with respect to the solution manifold across practice. Note that the virtual and real task show slightly different geometries of the solu-
tion manifolds. For each panel, the values of the tolerance-noise-covariation costs are listed.
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Reinforcement-based learning

“De novo” motor learning

(Wolpert et al., 2011)



“A new motor controller (that is, some network or process
that generates motor output given the state of the body and
current goals) is formed from scratch.

“De novo” motor learning
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t-test: p < .001, t = 4.70) and peak velocity (paired t-test: p < .01, t = 3.61), but not path length 
(paired t-test, p = 0.19, t = 1.94). Therefore, performance under the Bimanual mapping came 
close to that under the Baseline mapping but remained slightly poorer. 
 
 
Rapid feedback responses emerged gradually with practice 
In addition to quantifying the quality of participants’ point-to-point movements, we also 
examined participants’ ability to generate rapid corrections when the target jumped to a new 
location during movement. In 1/3 of trials, the target was displaced orthogonal to the required 
movement direction by either +/- 1.5 cm or +/- 3 cm, after the cursor crossed a line 1/3 of the 
distance between the start position and the target (Figure 3A). On the first day of practice, 
participants generated weak and erratic responses to target jumps. Starting on the second day, 
however, a clear response emerged which became more rapid over subsequent days of practice 
(Figure 3B). 
 
We quantified the strength of the feedback response in terms of the peak correction speed 
(parallel to the target displacement) and the latency to this peak speed. The peak speed of 
correction increased from the first to the fourth practice session for both large and small target  

 
Figure 2. Performance under the Bimanual mapping improved gradually with practice. A) Example 
trajectories for a representative participant in Experiment 1, showing the first 20 movements of a block 
during Day 1 (left) and Day 4 (right). Green and red lines show trajectories of the left and right hands, 
respectively (which the participant could not see), while the dark blue lines show trajectories of the 
cursor. B) Normalized path length for each trial under the Baseline mapping before (left) and after 
(right) training under the Bimanual mapping on Day 1. Thick black line indicates average across 
participants. Thin gray lines indicate individual participants. C) Average normalized path length across 
each block for the duration of the experiment. Black points indicate performance under the Baseline 
mapping. Colored lines indicate performance under the Bimanual mapping. Solid vertical lines indicate 
breaks between days. Vertical dashed lines indicate brief breaks between chunks of blocks. Shaded 
regions indicate +/- standard error in the mean across participants. D) and E) as C) but for movement 
duration and reaction time, respectively. 
 

A B

C D E

12 cm

Cursor

1

1.5

2

2.5

3

No
rm

ali
ze

d P
ath

 Le
ng

th
Trial Number

Pre Post

0 20 40 60 0 20 40 60

Da
y 1

 B
im

an
ua

l T
ra

ini
ng

0
1
2
3
4
5

No
rm

ali
ze

d P
ath

 Le
ng

th

Day 1 Day 2 Day 3 Day 4 Day 5
0

200

400

600

800

Re
ac

tio
n T

im
e (

ms
)

2

0

4

6

8

10

Mo
ve

me
nt 

Du
ra

tio
n (

s)

Bimanual BimanualBaseline Baseline Bimanual Baseline

Day 1 Day 2 Day 3 Day 4 Day 5 Day 1 Day 2 Day 3 Day 4 Day 5

Bimanual Day 1 Bimanual Day 4

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted October 22, 2021. ; https://doi.org/10.1101/2021.10.21.465196doi: bioRxiv preprint 

descriptive performance measures error and success rate
could be calculated in analogous fashion for both the real
and virtual tasks.

Tolerance-noise-covariation analysis.
To provide a more !ne-grained characterization of the
potential performance differences between the real and the
virtual skittles task, the variability in the redundant execu-
tion space was decomposed using the TNC-analysis. To track
how performance changed, the distribution of the variables
was parsed into three contributions or costs: tolerance,
noise, and covariation (Cohen and Sternad 2009). This anal-
ysis was conducted on each block of 30 trials. Figure 7 shows
performance of the same two subjects as in Fig. 6 from day 1,
day 2, and day 3, one subject for the virtual and one subject
for the real task; each point represents a single throw.
Calculation details for the TNC-costs are provided in
APPENDIX B, as this method was already applied in several
previous studies (Cohen and Sternad 2009; Sternad et al.
2010; Van Stan et al. 2017).

The color scale of the data points indicates trial number,
illustrating how the sequence of throws traversed through
the space on each practice day. After a large spread on day
1, especially in the virtual task, the data started to settle on
a location of the solution manifold on day 2. This traversal
in the solution space is captured by tolerance-cost. The
data in real skittles also show an alignment with the solu-
tion manifold, a feature that is quanti!ed in covariation-
cost. Day 3 shows some further clustering and reducing of
noise, i.e., optimizing noise-cost, although this is not as
pronounced as other experiments revealed (Cohen and
Sternad 2009). Compared with these previous studies, the
practice time in the current experiment was relatively

short, and the reduction of noise and covariation tended
to occur in later stages of practice. Figure 6 shows the val-
ues of the three costs in each panel. For example, T-
cost = 7.3 cm means that the set of throws could improve
by 7.3 cm in accuracy if the data distribution had been
shifted to better overlap with the solution manifold (see
APPENDIX A).

Note that the solution manifolds in Fig. 7 are slightly dif-
ferent for the two tasks. This is because the real game
allowed some variation of the x-y hand position at ball
release, as the hand movements were not constrained to a
circular path. This release position affected the geometry of
the solution manifold. Therefore, the mean release position
was estimated for each practice block and used to create the
solution space for each block of trials separately. In addition,
the average k and c values were calculated per block as they
also changed slightly. These small variations of the parame-
ters modi!ed the geometry of the execution space and the
solution manifold, as can be seen in Fig. 7. Speci!cally, the
solution manifolds in the real task tended to be further away
from the boundary that resulted in post hits (black area).

Note that, in principle, the TNC analysis could have been
performed on the full three-dimensional data of the real skit-
tles task with four execution variables, release position in x-
and y-dimensions, release angle, and release velocity.
However, the x-y coordinates of the release position were not
independent from the release angle, since the ball trajectory
was constrained to a circular arc by the pendular string. As
the release positions of each individual were relatively con-
sistent, the analysis could !x the mean release position and
reduce the execution variables to the same variables as in
the virtual task and, thereby, facilitate comparison across
the two tasks.

Figure 7. Solution spaces in the virtual (top) and real (bottom) task. The white color denotes the solution manifold; black denotes throws that hit the cen-
ter post. The data points from the same two subjects as in Fig. 6 are shown in each task. The color of the throws denotes the trial number, showing how
the throws change with respect to the solution manifold across practice. Note that the virtual and real task show slightly different geometries of the solu-
tion manifolds. For each panel, the values of the tolerance-noise-covariation costs are listed.
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Motor acuity

(Krakauer et al., 2019)



Motor acuity
Execute motor actions with more accuracy and precision 
through practice.

Improvement: performance
of a skill shows improvement
over a period of time.

Consistency: performance
becomes increasingly more
consistent.



Motor acuity

(Morasso, 1981)

224 P. Morasso: Spatial Control of  Arm Movements  

Fig. I.  Experimental setup for the study of reaching movements  in 
the horizontal plane. Recorded variables: (X, Y) Cartesian 
Coordinates of the Hand,  (qs, 0) Angular Coordinates of the Joints 
(wrist movements were not allowed). Visual targets: 7"1,  9  9  9 T6. 
Their cartesian coordinates, with regard to the shoulder origin, are 
the following ones (in cm); T1 (0,0), T2 (-30,0), T2 (-25,30), T4 
(0,35), T5 (30,29), T6 (30,0). Only one target was active at one 
time. When one target was switched off, another one was switched 
on and the subject was instructed to move the hand from the 
former to the latter. The target plate was about 1 inch above the 
plane of the arm and the subjects had no vision of their hand 

vided the source signals which were digitized at 
10 ms/sample, and allowed the computation (by 
means of simple trigonometric calculations) of the 
following variables: (1) the trajectory of the hand in 
the X-Y plane, and (2) the angles at the shoulder and 
elbow joints s. The digitized angular signals were then 
fitted by means of a least-squares, second-order 
polynominal approximation which allowed the esti- 
mation of the first and second time derivatives. The 
same technique was used with the X-Y trajectories in 
order to estimate the tangential velocity of the hand. 

The results of the experiments are presented in 
Figs. 2 and 3. Figure 2 shows the spatial trajectories 
of the hand and Fig. 3 shows the time course of the 
joint angular position, joint angular velocity, and 
hand tangential velocity, for four different move- 
ments. Joint angular velocities (Fig. 3, second row) 
for these different movements exhibit quite different 
patterns; some joint angular velocities are single 
peaked and some are double peaked (which means 

5 Unwanted small translations of the shoulder determine errors in 
the estimated joint angles. These errors are non linear functions 
of the angles and of the length of the arm segments. To give an 
order of magnitude, it is possible to calculate that, for an arm 
configuration in which the shoulder angle is n/4 and the elbow 
angle is n/2, a shoulder displacement of 1 cm determines an error 
of one and two degrees in the two angles, respectively 

inversion of the joint motion). The four movements 
of the figure exhibit all the four possible combina- 
tions (single peak/double peak) for the two joints. 

In contrast, the tangential hand velocity for the 
different movements has a single peaked curve that 
varies little in shape between movements. The dura- 
tion of the different movements was rather constant 
for each subject, whatever the shape of the joint 
angular patterns. This is in accordance with previous 
observations (Bryan 1892; Stetson and McDill 1923). 
If we now look at the trajectories of the hand 
(Fig. 2), we observe that they approximate straight 
segments which link initial and final positions. 

In sum, the observations above may be sum- 
marized by saying that the common features among 
the different reaching movements are the single- 
peaked shape of the hand tangential velocity and the 
shape of the hand trajectory. As a consequence, one 
may hypothesize that the central commands which 
underlie the observed movements are more likely to 
specify the trajectory of the hand than the motion of 
the joints (in short, we may call it a "spatial control" 
hypothesis). The idea of "spatial control" can be 
associated with early theoretical and recent experi- 
mental investigations. Noting the "deeply seated 
inherent indifference of the motor control centre to 
the scale and position of the movement effected", 
Bernstein (1935) formulated the hypothesis that 
there exist in the higher levels of the CNS projections 
of space and not projections of joints and muscles". 

Considering the problem of serial order in 
behaviour, Lashley (1951) hypothesized the exist- 
ence of systems of space coordinates: "their influ- 
ences pervade the motor system so that every gross 
movement of limbs of body is made with reference to 
the space system. The perceptions from the distance 
receptors, vision, hearing and touch are also con- 
stantly modified and referred to the same space of 
coordinates". More recently, Russell (1976), study- 
ing the accuracy of pointing one hand to a target, 
starting from different initial positions, concluded 
that "spatial location is a viable alternative to the 
stored motor commands or their sensory conse- 
quences in the production and control of move- 
ment". Furthermore, the experiments of Viviani and 
Terzuolo (1980) provide a detailed kinematic 
description of the hand motion during handwriting 
which shows that the basic kinematic variables 
(tangential velocity of the hand and curvature of the 
trajectory) preserve their temporal pattern when 
position and size of the movement is changed. 

It is also interesting to note that the same kind of 
problem is being faced in the robotic field. Even if 
most industrial robots presently used are controlled 
according to joint-oriented schemes, the need of 
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Fig. 3A-D. Joint rotation and hand trajectory. For subject 1, this figure displays the temporal patterns of four typical movements (a column 
for each movement) which exhibit distinctive joint angular patterns, though preserving the shape of the tangential velocity curve. For each 
movement, the following curves are displayed: Row 1: Joint angle (vertical scale: 30 deg); row 2: Joint angular velocity (vertical scale: 50 
deg/s); row 3: Joint angular acceleration (vertical scale: 100 deg/s/s); row 4: Tangential hand velocity (vertical scale: 30 cm/s) (time scale: 
1 s). A Target 1 to target 4. B Target 3 to target 5. C Target 2 to target 5. D Target 1 to target 5 (see Fig. 1 for target numbering) 



Motor acuity

1528 Georgopor 

interactions between peripheral and central events 
(Evarts and Tanji, 1976; Tanji and Evarts, 1976). 

Evarts (1968, 1969) studied the activity of single cells 
in the motor cortex of the monkey during push-pull 
movements. He observed that (a) a population of cells in 
the arm area was related to these movements, (b) the 
changes in neuronal activity were locked temporally to 
the onset of movement, and (c) these changes were often 
opposite in sign (increase or decrease of discharge) for 
the two directions of movement. He also observed that 
the activity of motor cortical cells was related to the 
muscular force generated by animal. This finding has 
been confirmed recently (Hepp-Reymond et al., 1978; 
Thach, 1978; Cheney and Fetz, 1980). The effect is ob- 
served most clearly in cells that probably entertain direct 
monosynaptic connections to spinal motoneurons (Che- 
ney and Fetz, 1980), and it may operate for different 
ranges of forces in different cells (Hepp-Reymond et al., 
1978). The relative influences on cell activity of these 
two factors, the direction of movement and muscular 
force, remain to be determined. Indications that the 
former might be stronger than the latter (Schmidt et al., 
1975) need to be re-examined in the light of the recent 
observations mentioned above regarding the optimal con- 
ditions for the occurrence of the force effect. In a different 
experiment, it was observed that approximately equal 
proportions of motor cortical cells were related to muscle 
activity, hand position, and direction of intended move- 
ment (Thach, 1978). The relations of single cells in the 
motor cortex to other parameters of movement (e.g., 
velocity) were not found to be strong or consistent (Hum- 
phrey et al., 1970; Hamada and Kubota, 1979), although 
the relation to velocity was improved when the activity 
of several cells recorded simultaneously was pooled 
(Humphrey et al., 1970). 
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Neuronal activity in the primate motor cortex, then, 
can be related to the force exerted by the animal, to the 
direction, or to the velocity of the movement, alone or in 
combination. Of the three, the relations to the direction 
of the movement have been least well analyzed. In pre- 
vious studies, two directions of movement have been 
utilized that were usually opposite (Eva&, 1968; Schmidt 
et al., 1975; Thach, 1978; Hamada and Kubota, 1979; Fetz 
et al., 1980); the differences in neuronal discharge ob- 
served under these conditions ranged from excitation in 
one and inhibition in the other (“reciprocal”) to various 
degrees of excitation alone. It is obvious that more than 
two directions of movement must be examined to deter- 
mine the relations of single neuron activity to the direc- 
tion of movement. There are also other important ques- 
tions in this respect. For example, is a cell activated 
uniquely in only one direction of movement? If not, what 
are the quantitative relations between cell activity and 
direction of movement? Preliminary results of this study 
were presented elsewhere (Georgopoulos et al., 1980). 

Materials and Methods 
Four male rhesus monkeys (4 to 5 kg) were used. They 

were trained to move a lightweight frictionless manipu- 
landum over a plane surface and capture lighted targets 
within a circle attached to the manipulandum in a reac- 
tion task (Fig. 1). The plane was tilted 15’ from the 
horizontal toward the animal’s body. With gravity acting 
on the manipulandum, static forces on the x or y axis of 
the plane did not exceed 94 gm. The two-dimensional 
apparatus used, the behavioral task, and some aspects of 
the performance of the animals have been described 
previously (Georgopoulos et al., 1981). Briefly, a circular - _ 
pattern of LEDs (light-emitting diodes) was used, with 
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Figure 1. A, Diagram of the behavioral apparatus. The monkey sits at position A, facing a 25-cm square working surface (B) 
on which there are nine light-emitting diodes (LEDs). One LED is at the center of the working surface and eight are on a circle 
with an &cm radius; they are numbered from 0 to 315” counterclockwise. The monkey grasps an articulated manipulandum at its 
end (C) and moves it across the x-y surface of the plane to capture within a clear plastic circle (D) whichever LED is illuminated. 
The plane is tilted 15” from the horizontal toward the animal. B, Overhead view of a monkey performing the task displayed on 
a television monitor. The monkey has moved the manipulandum from the center to the target LED (in this case, the movement 
direction is 0”) to complete a trial. The trajectories of movement for this trial and for a few previous trials are superimposed on 
the television image as light lines. The small circles are the 25-mm-diameter target windows around each target LED. The 
starting (center) window had a diameter of 15 mm. C, Trajectories of 30 movements to each target made by a well trained 
monkey. Each dot is the position of the center of the target-capturing circle on the end of the manipulandum taken at lo-msec 
intervals. 

(Georgopoulus et al., 1982; 2007)
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Figure 4. Orderly variation in the frequency of discharge of a motor cortical cell with the direction of movement. Upper half, 

Rasters are oriented to the movement onset, Ikf, and show impulse activity during five repetitions of movements made in each of 
the eight directions indicated by the center diagram. Notice the orderly variation in cell’s activity during the RT, MT, and TET. 
Lower half Directional tuning curve of the same cell. The discharge frequency is for TET. The data points are the mean f  SEM. 
The regression equation for the fitted sinusoidal curve is D = 32.37 + 7.281 sin B - 21.343 cos 8, where D is the frequency of 
discharge and 0 is the direction of movement or, equivalently, D = 32.37 + 22.5 cos (0 - &), where & is the preferred direction 
(e. = 161”). 
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interactions between peripheral and central events 
(Evarts and Tanji, 1976; Tanji and Evarts, 1976). 

Evarts (1968, 1969) studied the activity of single cells 
in the motor cortex of the monkey during push-pull 
movements. He observed that (a) a population of cells in 
the arm area was related to these movements, (b) the 
changes in neuronal activity were locked temporally to 
the onset of movement, and (c) these changes were often 
opposite in sign (increase or decrease of discharge) for 
the two directions of movement. He also observed that 
the activity of motor cortical cells was related to the 
muscular force generated by animal. This finding has 
been confirmed recently (Hepp-Reymond et al., 1978; 
Thach, 1978; Cheney and Fetz, 1980). The effect is ob- 
served most clearly in cells that probably entertain direct 
monosynaptic connections to spinal motoneurons (Che- 
ney and Fetz, 1980), and it may operate for different 
ranges of forces in different cells (Hepp-Reymond et al., 
1978). The relative influences on cell activity of these 
two factors, the direction of movement and muscular 
force, remain to be determined. Indications that the 
former might be stronger than the latter (Schmidt et al., 
1975) need to be re-examined in the light of the recent 
observations mentioned above regarding the optimal con- 
ditions for the occurrence of the force effect. In a different 
experiment, it was observed that approximately equal 
proportions of motor cortical cells were related to muscle 
activity, hand position, and direction of intended move- 
ment (Thach, 1978). The relations of single cells in the 
motor cortex to other parameters of movement (e.g., 
velocity) were not found to be strong or consistent (Hum- 
phrey et al., 1970; Hamada and Kubota, 1979), although 
the relation to velocity was improved when the activity 
of several cells recorded simultaneously was pooled 
(Humphrey et al., 1970). 
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Neuronal activity in the primate motor cortex, then, 
can be related to the force exerted by the animal, to the 
direction, or to the velocity of the movement, alone or in 
combination. Of the three, the relations to the direction 
of the movement have been least well analyzed. In pre- 
vious studies, two directions of movement have been 
utilized that were usually opposite (Eva&, 1968; Schmidt 
et al., 1975; Thach, 1978; Hamada and Kubota, 1979; Fetz 
et al., 1980); the differences in neuronal discharge ob- 
served under these conditions ranged from excitation in 
one and inhibition in the other (“reciprocal”) to various 
degrees of excitation alone. It is obvious that more than 
two directions of movement must be examined to deter- 
mine the relations of single neuron activity to the direc- 
tion of movement. There are also other important ques- 
tions in this respect. For example, is a cell activated 
uniquely in only one direction of movement? If not, what 
are the quantitative relations between cell activity and 
direction of movement? Preliminary results of this study 
were presented elsewhere (Georgopoulos et al., 1980). 

Materials and Methods 
Four male rhesus monkeys (4 to 5 kg) were used. They 

were trained to move a lightweight frictionless manipu- 
landum over a plane surface and capture lighted targets 
within a circle attached to the manipulandum in a reac- 
tion task (Fig. 1). The plane was tilted 15’ from the 
horizontal toward the animal’s body. With gravity acting 
on the manipulandum, static forces on the x or y axis of 
the plane did not exceed 94 gm. The two-dimensional 
apparatus used, the behavioral task, and some aspects of 
the performance of the animals have been described 
previously (Georgopoulos et al., 1981). Briefly, a circular - _ 
pattern of LEDs (light-emitting diodes) was used, with 

C. 
90 

180 O0 

PAJBTR. 002 

Figure 1. A, Diagram of the behavioral apparatus. The monkey sits at position A, facing a 25-cm square working surface (B) 
on which there are nine light-emitting diodes (LEDs). One LED is at the center of the working surface and eight are on a circle 
with an &cm radius; they are numbered from 0 to 315” counterclockwise. The monkey grasps an articulated manipulandum at its 
end (C) and moves it across the x-y surface of the plane to capture within a clear plastic circle (D) whichever LED is illuminated. 
The plane is tilted 15” from the horizontal toward the animal. B, Overhead view of a monkey performing the task displayed on 
a television monitor. The monkey has moved the manipulandum from the center to the target LED (in this case, the movement 
direction is 0”) to complete a trial. The trajectories of movement for this trial and for a few previous trials are superimposed on 
the television image as light lines. The small circles are the 25-mm-diameter target windows around each target LED. The 
starting (center) window had a diameter of 15 mm. C, Trajectories of 30 movements to each target made by a well trained 
monkey. Each dot is the position of the center of the target-capturing circle on the end of the manipulandum taken at lo-msec 
intervals. 
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types of skills, the amount of error a person makes 
in relation to the goal is an important and meaning-
ful performance measure.

Error measures not only provide indicators of 
 performance accuracy but certain types of error mea- 
sures also tell us about possible causes of  per for mance 
problems. This is especially true if  per formance is 
assessed for more than one repetition. For a series 
of repetitions (typical in a sport skill instruction or a 
rehabilitation setting), the instructor or therapist can 
determine whether the observed movement inaccu-
racy is due to problems associated with consistency 
or to those associated with bias. These important 
measures provide the practitioner with a basis for 
 selecting the appropriate intervention to help the per-
son overcome the inaccuracy. Consistency problems 
suggest the basic movement  pattern needed to per-
form the skill has not been acquired, whereas bias 
problems indicate that the person has acquired the 
movement pattern but is having difficulties adapting 
to the specific demands of the  performance situation. 
We will discuss the measurement of these charac-
teristics, along with some motor skill performance 
 examples, in the  following section.

Assessing Error for One-Dimension 
Movement Goals
When a person must move a limb a specified amount 
in one dimension, as when a patient attempts to 
achieve a certain knee extension, the resulting spa-
tial error will be a certain distance short of or past 
the goal. Similarly, if a pitcher in baseball is attempt-
ing to throw the ball at a certain rate of speed, the 
resulting temporal error will be either too slow or 
too fast in relation to the goal. Measuring the amount 
of  error in these situations simply involves subtract-
ing the achieved performance value (e.g., 15 cm, 5°, 
20 sec) from the target or goal amount.

We can calculate at least three error measures to 
assess the general accuracy characteristics of per-
formance over repeated performances, and to infer 
possible causes of the accuracy problems. To obtain 
a general indicator of how successfully the goal was 
achieved, we calculate absolute error (AE). AE is 
the absolute difference between the actual perfor-
mance on each repetition and the goal. For multiple- 
repetition situations, summing these differences and 

dividing by the number of repetitions will give you 
the average absolute error for the repetitions. AE 
provides useful information about the magnitude of 
error a person has made on a repetition or over a 
series of repetitions. This score gives you a general 
index of accuracy for the session for this person. But 
evaluating performance solely on the basis of AE 
hides important information about the source of the 
inaccurate perfor mance. To obtain this information, 
we need two additional error measures.

One reason a person’s performance may be 
inaccurate is that the person has a tendency to over-
shoot or to undershoot the goal, which is referred 
to as performance bias. To obtain this information, 
we must calculate constant error (CE), which is 
the signed (+/!) deviation from the goal. When 
calculated over a series of repetitions, CE provides 
a meaningful index of the person’s tendency to be 
 directionally biased when performing the skill. Cal-
culating CE involves making the same calculations 
used to determine AE, except that the algebraic 
signs are used for each repetition’s performance.

Another reason for performance inaccuracy for a 
series of repetitions is performance consistency (or, 
conversely, variability), which is measured by calcu-
lating variable error (VE). To determine this con-
sistency index, calculate the standard deviation of 
the person’s CE scores for the series of repetitions.

Assessing Error for Two-Dimension 
Movement Goals
When the outcome of performing a skill requires 
accuracy in the vertical and horizontal directions, 
the person assessing error must make modifications 

absolute error (AE) the unsigned deviation from 
the target or criterion, representing amount of error. 
A measure of the magnitude of an error without 
 regard to the direction of the deviation.

constant error (CE) the signed (+/!) deviation from 
the target or criterion; it represents amount and direction 
of error and serves as a measure of performance bias.

variable error (VE) an error score representing 
the variability (or conversely, the consistency) of 
 performance.
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Figure 17 Examples of prehension tasks. (A-D) Vermicelli handling
task [adapted, with permission, from (12), Fig. 1]. A sequence of snap-
shots showing the task during one trial, from (A) the vermicelli piece
being dropped into a conveniently viewed part of the cage, (B) the rat
begins eating using an asymmetrical holding pattern, with the two paws
designated as “grasp” and “guide” ones, to (C and D) the two paws
moving together as the piece becomes shorter and digits become inter-
posed. (E) Food pellet retrieval task [adapted, with permission, from
(327), Fig. 1]. Monkeys retrieve a food-pallet from the apparatus, Plex-
iglas board (Klüver board) containing four small food wells with sizes
ranging from 9.5 to 25 mm. (F-J) A sequence of snapshots showing a
monkey retrieving a food pellet [with permission from (328), Fig. 2]:
(F) finger extension, (G) finger flexion, (H) finger flexion+wrist exten-
sion, (I) wrist extension, and (J) Forearm supination. Panels (E) and (F-J)
republished with permission of the Society for Neuroscience from (327)
and (328), respectively; permission conveyed through Copyright Clear-
ance Center, Inc.

global measures do not precisely characterize the basis of per-
formance improvements. For example, improvements in over-
all task success could be due to reduction in mean error or a
reduction in movement variability. This consequently makes
it very dif!cult to interpret anatomical and physiological

changes associated with improvements in global performance
measures. Even once the right behavioral variable has been
identi!ed, the observed changes in neural circuits may cor-
relate with the changes in behavioral components but do not
necessarily explain how those changes were achieved.

Despite these caveats, rodent studies of prehension train-
ing have yielded much important information in recent years.
In particular, they make a good case that motor skill learning
is causally related to structural and physiological changes in
motor cortical areas. Early experiments in the rat showed
training-related increases in dendritic branching (arboriza-
tion) in both layer II-III and layer V of motor cortical neurons
contralateral to the reaching paw (124, 238, 469). Since these
early studies, it has been shown that these changes are tran-
sient, with a return to normal dendritic tree size, but without
concomitant loss of the skill itself (340). This implies that
increases in dendritic arborization are a marker of the learn-
ing process but are not themselves the cause of the improved
performance. A clue to what the skill trace might actually
be has come with the advent of studies using longitudinal
two-photon microscopy in mouse models, showing selective
turnover of individual spines on the dendrites of neurons that
project to the spinal cord (which are therefore considered
movement-relevant) over the course of motor learning. Specif-
ically, new spines are formed and retained, whereas an approx-
imately equal number of old ones are eliminated, keeping the
total number the same. Interestingly, some of the spines that
are eliminated correspond to inputs from inhibitory interneu-
rons (59), which is consistent with physiology that suggests
changes in cortical inhibitory/excitatory balance with skill
learning (340).

How should this exciting new work be interpreted? One
interpretation has been to simply conclude, assuming that
spines are proxies for synapses, that “motor skill learning
relies on the formation and selective maintenance of new
synapses within the motor cortex” (340). There is something
a bit unsatisfying about this conclusion, however, because we
are still left with the question of where is the whole motor
skill stored after learning? The very same question has been
asked, and partially answered, in mouse studies of memory
engrams (346). Speci!cally, it has now been shown in the
mouse that increases in spine density and increases in strength
at individual synapses of memory-relevant cells are not the
mechanism of memory storage. Rather, what seems to matter
is the pattern of connectivity within an ensemble of cells.
Indeed, in a revelatory experiment, weakening of synaptic
connections between the cells in a particular hippocampal
ensemble failed to abolish a speci!c memory, as it could
still be retrieved by direct optogenetic stimulation; that is,
the ensemble’s pattern of connections was intact even if the
strength of the connections was altered (367).

The distinction between the pattern of connections
between the cells in an ensemble and the strength of these
connections is likely to generalize to the case of motor-skill
learning and representation in motor cortex. In the case of
skilled prehension, primary motor cortex—the area that is
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balance with skill learning



Motor acuity

descriptive performance measures error and success rate
could be calculated in analogous fashion for both the real
and virtual tasks.

Tolerance-noise-covariation analysis.
To provide a more !ne-grained characterization of the
potential performance differences between the real and the
virtual skittles task, the variability in the redundant execu-
tion space was decomposed using the TNC-analysis. To track
how performance changed, the distribution of the variables
was parsed into three contributions or costs: tolerance,
noise, and covariation (Cohen and Sternad 2009). This anal-
ysis was conducted on each block of 30 trials. Figure 7 shows
performance of the same two subjects as in Fig. 6 from day 1,
day 2, and day 3, one subject for the virtual and one subject
for the real task; each point represents a single throw.
Calculation details for the TNC-costs are provided in
APPENDIX B, as this method was already applied in several
previous studies (Cohen and Sternad 2009; Sternad et al.
2010; Van Stan et al. 2017).

The color scale of the data points indicates trial number,
illustrating how the sequence of throws traversed through
the space on each practice day. After a large spread on day
1, especially in the virtual task, the data started to settle on
a location of the solution manifold on day 2. This traversal
in the solution space is captured by tolerance-cost. The
data in real skittles also show an alignment with the solu-
tion manifold, a feature that is quanti!ed in covariation-
cost. Day 3 shows some further clustering and reducing of
noise, i.e., optimizing noise-cost, although this is not as
pronounced as other experiments revealed (Cohen and
Sternad 2009). Compared with these previous studies, the
practice time in the current experiment was relatively

short, and the reduction of noise and covariation tended
to occur in later stages of practice. Figure 6 shows the val-
ues of the three costs in each panel. For example, T-
cost = 7.3 cm means that the set of throws could improve
by 7.3 cm in accuracy if the data distribution had been
shifted to better overlap with the solution manifold (see
APPENDIX A).

Note that the solution manifolds in Fig. 7 are slightly dif-
ferent for the two tasks. This is because the real game
allowed some variation of the x-y hand position at ball
release, as the hand movements were not constrained to a
circular path. This release position affected the geometry of
the solution manifold. Therefore, the mean release position
was estimated for each practice block and used to create the
solution space for each block of trials separately. In addition,
the average k and c values were calculated per block as they
also changed slightly. These small variations of the parame-
ters modi!ed the geometry of the execution space and the
solution manifold, as can be seen in Fig. 7. Speci!cally, the
solution manifolds in the real task tended to be further away
from the boundary that resulted in post hits (black area).

Note that, in principle, the TNC analysis could have been
performed on the full three-dimensional data of the real skit-
tles task with four execution variables, release position in x-
and y-dimensions, release angle, and release velocity.
However, the x-y coordinates of the release position were not
independent from the release angle, since the ball trajectory
was constrained to a circular arc by the pendular string. As
the release positions of each individual were relatively con-
sistent, the analysis could !x the mean release position and
reduce the execution variables to the same variables as in
the virtual task and, thereby, facilitate comparison across
the two tasks.

Figure 7. Solution spaces in the virtual (top) and real (bottom) task. The white color denotes the solution manifold; black denotes throws that hit the cen-
ter post. The data points from the same two subjects as in Fig. 6 are shown in each task. The color of the throws denotes the trial number, showing how
the throws change with respect to the solution manifold across practice. Note that the virtual and real task show slightly different geometries of the solu-
tion manifolds. For each panel, the values of the tolerance-noise-covariation costs are listed.

BACK TO REALITY: DIFFERENCES IN LEARNING STRATEGY

50 J Neurophysiol ! doi:10.1152/jn.00197.2020 ! www.jn.org
Downloaded from journals.physiology.org/journal/jn at Univ Studi Di Verona (157.027.085.129) on March 18, 2021.
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METHODS

Fifty right-handed subjects (28 females, 18–38 years of age), naïve
to the task, participated in the study. All subjects gave written
informed consent and received a small compensation to participate in
the study, which was approved by the Columbia University Institu-
tional Review Board. Subjects were randomly assigned to one of four
groups.

General Approach

All subjects performed a pointing task by moving a computer
screen cursor with their left wrist (Fig. 1A). The left wrist, rather than
the right, was chosen to maximize the dynamic range of learning,
based on the assumption that subjects would have worse initial
performance with their nondominant hand. The task goal was to guide
the cursor through a semicircular channel from one end to the other
without hitting the edges.

Apparatus

Subjects sat facing a computer monitor with their left forearm
splinted on a table and controlled a screen cursor by rotating their
hand (held closed into a fist with surgical adhesive tape) around the
wrist (Fig. 1A). The splint prevented forearm supination, so that
screen x and y positions were mapped, respectively, to wrist flexion–
extension and radial–ulnar deviation. A desktop computer (Apple,
Cupertino, CA) was used to control the visual display and to collect
cursor position data through custom software. A Qualisys (Gothen-
burg, Sweden) Proreflex infrared camera recorded pointing direction
as the position of a spherical reflective marker on the index finger’s
proximal interphalangeal joint (knuckle), at a sampling rate of 100 Hz.

The screen was calibrated so that a 1-cm deviation of the index
knuckle caused a 4-cm deviation of the screen cursor. Given that the
distance from radial head to the marker was 12 cm on average across
subjects, this calibration resulted in a mapping of 0.84 cm of screen
cursor movement per degree of wrist rotation. The screen was placed at

a distance of 140 cm from the subject and had dimensions of 32.2 ! 28.8
cm. The target set consisted of two horizontally separated circles (diam-
eter of 0.7 cm). The distance between the targets was normalized accord-
ing to the subject’s fist size (the distance between the proximal interpha-
langeal joint and the radial styloid process in the wrist, with the hand
closed into a fist), and was typically 4.4 cm on the screen. The targets
were connected by two semicircular channels (upper and lower). The
width of the channel was the same as the targets’ diameter (0.7 cm). The
targets and the channels were always visible. The cursor’s diameter was
0.1 cm.

The placement of the targets required subjects to make movements
(arcs of 4.4-cm diameter on the screen, i.e., 1.1 cm of knuckle deviation)
that spanned the middle half of their full range of wrist excursion, which
was "4 cm of knuckle deviation. At the time of calibration, the experi-
menter passively moved each subject’s wrist horizontally and vertically
while observing the screen cursor, and carefully adjusted the forearm’s
angle so that all cursor positions on the screen could be achieved while
keeping the wrist well away from the limits of its range of motion. In this
manner, we minimized the possibility that biomechanical limits on range
of motion would influence subjects’ movements.

Task

The task goal was to move the cursor from one circle to the other
through the arc channel in the clockwise direction (upper channel for
movements starting in left circle; lower channel for movements
starting in right circle), without touching or crossing the channel’s
edges (Fig. 1B). Thus, only one channel was presented in each trial,
and channels alternated between successive trials. At the beginning of
each trial, one of the circles became white (start circle) and the other
red (target), and subjects placed the cursor in the start circle. After a
variable delay (400 to 1,600 ms), the target changed from red to green
and a tone was played (“ok-to-go” signal). The instruction was to start
the movement at any time after the ok-to-go signal, and to move the
cursor from start circle to target (according to the speed requirements
of the block). Note that this was not a reaction time protocol: subjects

Fig. 1. The arc-pointing task. A: experimental appa-
ratus. Subjects guided a screen cursor by making a
pointing movements with their fist through wrist
flexion–extension and pronation–supination. An in-
frared camera recorded the position of a retroreflec-
tive marker attached to the knuckle. B: sample hand
paths before and after training. The task was to move
the cursor in a clockwise direction from one circle to
the other through a circular channel. Representative
trajectories from a fast test speed condition (goal
movement time was 500 ms) before training (day 1,
top panel) and after training (day 5, bottom panel).
After training, trajectories were more likely to be
within the channel than before training.
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of the improvement achieved during training (Fig. 3A).We
calculated performance change using !z, defined as z5 " z1
(i.e., the difference between day 5 and day 1; see METHODS).
Positive values of !z indicate improved movement accuracy
for a given MT range (Fig. 3B). One-way ANOVA for the
effect of MT on !z resulted in a significant intercept term
[t(17) # 6.85, P $ 0.0001], indicating overall improvement in

the task, and a nonsignificant effect of MT [F(4,68) # 0.356,
P # 0.839], indicating that the improvement did not differ
between trained and untrained speeds. Importantly, there was
no significant change in z for the Control group, who were
tested on days 1 and 5 but did not get any training on days 2,
3, or 4. This indicates that the test sessions themselves did not
lead to appreciable skill learning [t(4) # 1.1, P # 0.284].

Fig. 2. Performance during training blocks, shown as individual subject data (thin gray traces) and as a group average % SE (thick black trace). A: movement
time (MT) as a function of training block (120 trials, 3 blocks per daily session). Training sessions took place on 3 consecutive days for all subjects. With training,
average MT and its intersubject variability decreased. Also shown is the imposed MT range (horizontal dashed lines; i.e., MTs for which a movement within
the channel was rewarded). B: fraction of movements within the channel as a function of training block. With training, the proportion of successful movements
increased.

Fig. 3. Improvement in performance after training. A: proportion of within-channel movements on day 1 (gray) and day 5 (black), plotted as a function of test
movement time (MT). The testing session days (days 1 and 5) occurred a day before and a day after the 3 training days, respectively, for all subjects. Subjects
were required to move in five different MT ranges. The x-axis shows the average MT value achieved by subjects for each imposed MT range. The histogram
indicates the average distribution of movement times during training (collapsed across the 3 days of training). The traces represent speed–accuracy trade-off
functions (SAF). There is a change in the SAF before and after training, manifested as improved performance (greater rate of successful movements) at all MTs.
Note that improvement is observed at speeds that were not experienced during training (generalization). Error bars denote SE. B: logit-transformed change in
performance (!z) as a function of MT. Solid line indicates average !z; gray markers indicate performance of single subjects. All average values of !z are &0,
indicating global improvement in accuracy.
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Improvement in Accuracy Was Accompanied by Specific
Changes in Trajectory Kinematics

We asked whether increases in the probability of success in
the arc-pointing task were accompanied by specific changes in
trajectory kinematics. Importantly, we sought to dissociate
changes in kinematics related to learning from changes that
were a function of movement speed (i.e., related to control).
This was accomplished by testing performance at fixed MTs
before and after training, which allowed us to separate effects
of day (skill) from the effects of speed (task difficulty).

Skill acquisition was associated with a large reduction in
trajectory variability. A feature that has been proposed to
characterize skilled motor performance is lower trial-to-trial
variability in task-relevant dimensions compared with novice
performance (Barden et al. 2005; Madeleine and Madsen 2009;
Muller and Sternad 2009; Scholz and Schoner 1999). We
therefore computed trial-to-trial variability (in a point-by-point

comparison) for the cursor’s radial position, which was the task-
relevant dimension for the task because the cursor had to remain
in the channel. Mean variability plots for each test MT are shown
for days 1 and 5 in Fig. 4, A and B. On day 1 there was an increase
in variability as movement speed increased and as trajectories
unfolded in the channel (Fig. 4A). On day 5, there was a marked
reduction in overall variability and a flattening of speed- and
position-related variability dependencies (Fig. 4B). Variability
changes were measured using two-way ANOVA with effects of
day (day 1, before training; day 5, after training), speed (5 test
speeds), and day ! speed interaction. An ANOVA was per-
formed at each time-normalized point (i.e., 200 times). Correction
for multiple comparisons was done using random Gaussian field
theory (Worsley et al. 2004), an approach that takes into consid-
eration the temporal correlations in the data (see METHODS). All
three effects (day, speed, and day ! speed interaction) reached
significance levels (Fig. 4, C–E). Note that day and speed effects

Fig. 4. Changes in trial-to-trial path variability between day 1 and day 5. This variability is the variation in the cursor trajectory’s radial position across trials,
for a given speed, across all trials in a testing session (day 1 or day 5). Movement duration was first normalized to 200 points. Variability was computed for every
subject, time point, and test speed before and after training (see METHODS). A: average variance as a function of normalized time and test MT on day 1. Variance
was greater for later portions of the trajectory and for higher speeds. B: average variance as a function of normalized time and test MT on day 5. Although the
same trends seen in day 1 persist, there is a noticeable reduction in overall variance levels. C: day effect on variance (F values) as a function of normalized time.
Larger F values indicate higher probability that variability changed with training. Dotted horizontal line represents the threshold (corrected for multiple
comparisons) above which F values are statistically significant. A significant change in variability after training can be seen throughout most of the trajectory.
D: speed effect (F values) as a function of normalized time. The changes in the variability measures between test speeds are most marked in the late portion of
the trajectory. E: day ! speed interaction effect (F values) as a function of normalized time. Compared with the main effects, the interaction is smaller and reaches
significant levels only for brief portions of the trajectory.
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cursor having entered the critical zone at the beginning of the
movement). We found that both the feedforward and feedback
measures improved with training. To compare the changes in
proportions of critical-zone movements and successful correc-
tions, data were transformed to z values using the logit trans-
formation (see METHODS).

A two-way ANOVA (with effects of MT and day) showed
a clear reduction of the proportion of movements in the critical
zone after training [F(1,161) ! 7.928, P ! 0.0055, Fig. 6A]. In
addition, the proportion of movements that entered the critical
zone and yet remained inside the channel increased after
learning increased [F(1,156) ! 9.991, P " 0.0019, Fig. 6B].
Thus, with training, subjects were able to reduce the number of
trials that entered the critical zone early in the trajectory and
increased their ability to steer themselves out of trouble in the
event that they did enter the critical zone.

Although this analysis suggests possible changes in feedfor-
ward and feedback control, it is limited because we did not
manipulate the relevant variables to establish cause–effect
relationships. Nevertheless, we consider this approach worth-
while because there are no straightforward manipulations to
conclusively distinguish between improvements in feedfor-
ward and feedback control. For example, whereas sudden
visual perturbations of the cursor could be used to study
feedback corrections, this would not address online correction
of self-generated errors, which may involve other mechanisms.
Similarly, removing visual feedback and observing changes in
endpoint variability would not isolate feedforward control

because corrections could still occur based on proprioception
and efference copy signals.

Skill was associated with decreased movement effort, with-
out changes in submovement number or duration. Skilled
movements are typically characterized by their graceful trajecto-
ries. This feature can be quantified by movement smoothness,
which has been suggested as an optimization criterion for plan-
ning of reaching movements (Flash and Hogan 1985). Thus, skill
acquisition could be a process of trajectory optimization that
would result in smoother trajectories after training. Such a change
could correspond to the “improved efficiency” that is included in
some definitions of motor skill learning (e.g., Guthrie 1952; Pear
1948; Proctor and Dutta 1995). We computed trajectory smooth-
ness by integrating the squared jerk (rate of change of accelera-
tion) profile along the entire trajectory (smaller values of inte-
grated square jerk indicate greater smoothness). We did not nor-
malize this measure of smoothness across speeds, because we
were interested in smoothness changes that accompanied training,
not changes in speed. For higher movement speeds, the integrated
square jerk could be smaller (due to shorter movement duration)
or larger (due to higher jerk values associated with higher speeds).
As it happened, integrated square jerk increased with movement
speed [F(4,153) ! 50.87, P " 0.0001]. Importantly, there was a
significant decrease of integrated square jerk following training, as
seen by a significant day effect [F(1,153) ! 6.33, P ! 0.0129] and
a nonsignificant day # speed interaction [F(4,153) ! 0.1647, P !
0.96]. These results indicate that movement smoothness increased
with training across all test speeds (Fig. 7A).

Fig. 6. Improvement in feedforward and feed-
back control. “Critical-zone” movements were
defined based on the distribution of the radial
positions at the beginning of the movement (at
30°, thick black lines). Top: representative tra-
jectories for a movement outside the critical
zone (circles), a movement in the critical zone
that stayed in the channel (#’s), and a move-
ment in the critical zone that exited the channel
(squares). A: proportion of movements in the
critical zone before (gray) and after (black) train-
ing, as a function of test MT. After training, fewer
movements entered the critical zone, indicating
improved movement planning. B: proportion of
movements in the critical zone that stayed inside
the channel as a function of test MT before (gray)
and after (black) training. After training, the pro-
portion of successful corrections increased for all
speeds.
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testing day on mean submovement number [F(1,153) ! 0.1293,
P ! 0.72], duration [F(1,153) ! 2.16, P ! 0.14], or amplitude
of submovements [F(1,153) ! 2.56, P ! 0.11]. We obtained
similar results (i.e., significant speed effect on duration, am-
plitude, and number, and no significant day effects) when we
filtered the raw position data using a different filtering method
(smoothing splines), which suggests that the duration invari-
ance is not an artifact induced by filtering. Figure 8 depicts
representative velocity and jerk profiles before and after train-
ing for fast and slow movements, and demonstrates the train-
ing-induced reduction in integrated jerk with no changes in the
submovement’s structure.

The invariance of submovement structure could either indi-
cate a hard constraint, perhaps related to a limitation on how
curved wrist movements can be controlled, or an effect of
visual feedback-specific corrections. To address these two
alternatives we tested the effect of removing online visual
feedback. We performed an additional experiment in which
five subjects from our group of participants (and thus previ-
ously trained on the arc-skill task) were asked to perform the
arc-skill task again. After an initial warm-up block, subjects
performed a block of 100 movements without online visual
feedback, and a short block of 20 movements with visual
feedback. Comparison of the duration of the submovements
revealed no significant difference in the average duration of
submovements with or without visual feedback [F(1,4) ! 0.037,
P ! 0.85]. This result supports the idea that submovements of
fixed average duration are a kinematic feature of curved move-
ments, irrespective of whether visual feedback is present. It is
of course also possible that movement segmentation is an
idiosyncratic feature of the biomechanics of the wrist joint.
However, a type of movement segmentation was also found for
elbow movement, with or without visual feedback (Doeringer
and Hogan 1998). This generality argues against (but does not
exclude) a biomechanical origin for movement segmentation.
Another possible concern is that movement segmentations
might represent physiologic tremor. Excluding this possibility
on a quantitative basis is difficult (Vallbo and Wessberg 1993).
However, visual inspection of the trajectories did not show
stereotyped cycles of back-and-forth oscillations, which makes
tremor unlikely. It should be noted that, although the channel
had a constant curvature, our task did not require paths of
constant curvature but only paths that stayed within two radial

boundaries, which could have varying or constant curvature.
Our finding was that paths had varying curvature.

Training in Different Speed Ranges Led to Similar Changes
in the Speed–Accuracy Trade-Off Function

We started our investigation by assessing how subjects
changed their speed–accuracy trade-off with training. The first
finding was that subjects showed increased accuracy at speeds
that extended beyond their training range, which raised the
question, would generalization look different if training was
constrained to a different speed range? We therefore trained
two additional groups of subjects, one at a slower constrained
speed and one at a faster constrained speed, respectively. The
speeds experienced during training by these two groups, as
well as those experienced by the group described earlier, are
indicated by the histograms in Fig. 9A. As for the initial
(medium-speed) group, we probed accuracy at five test MTs
before and after training (Fig. 9A). Interestingly we saw a
similar change in the SAF for the three training speeds; that is,
the shape of the SAF after training was similar regardless of
training range. This result was supported by comparison, be-
tween groups, of changes in the performance measure, "z:
although there was an overall improvement in performance ["z
was significantly different from 0, t(41) ! 9.79, P # 0.0001],
there was no difference between groups in the amount of
improvement across all speeds [F(2,41) ! 0.078, P ! 0.925 for
group effect; F(4,164) ! 2.46, P ! 0.0474 for speed effect; and
F(8,164) ! 1.298, P ! 0.248 for day $ speed interaction; Fig.
9B]. The lack of interaction indicates that similar improve-
ments occurred within each speed range, regardless of the
speed practiced during training.

DISCUSSION

We sought to characterize the structure of motor skill learn-
ing at the levels of task performance and of underlying kine-
matics by studying changes in the speed–accuracy relationship
for a wrist precision guidance task. We emphasized the need to
distinguish learning-related changes in kinematics from those
associated with greater control demands when movements are
executed at higher speeds. Training within a restricted speed
range led to improvements that generalized to outside the
trained range, as indicated by a change in the overall SAF for

Fig. 8. Representative velocity and jerk pro-
files before and after training, demonstrating
the lack of change in number of submovements
and the reduction in overall jerk amplitude.
A: velocity (top) and jerk (bottom) profiles of a
fast movement before (gray) and after (black)
training. B: velocity (top) and jerk (bottom)
profiles of a slow movement before (gray) and
after (black) training.
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testing day on mean submovement number [F(1,153) ! 0.1293,
P ! 0.72], duration [F(1,153) ! 2.16, P ! 0.14], or amplitude
of submovements [F(1,153) ! 2.56, P ! 0.11]. We obtained
similar results (i.e., significant speed effect on duration, am-
plitude, and number, and no significant day effects) when we
filtered the raw position data using a different filtering method
(smoothing splines), which suggests that the duration invari-
ance is not an artifact induced by filtering. Figure 8 depicts
representative velocity and jerk profiles before and after train-
ing for fast and slow movements, and demonstrates the train-
ing-induced reduction in integrated jerk with no changes in the
submovement’s structure.

The invariance of submovement structure could either indi-
cate a hard constraint, perhaps related to a limitation on how
curved wrist movements can be controlled, or an effect of
visual feedback-specific corrections. To address these two
alternatives we tested the effect of removing online visual
feedback. We performed an additional experiment in which
five subjects from our group of participants (and thus previ-
ously trained on the arc-skill task) were asked to perform the
arc-skill task again. After an initial warm-up block, subjects
performed a block of 100 movements without online visual
feedback, and a short block of 20 movements with visual
feedback. Comparison of the duration of the submovements
revealed no significant difference in the average duration of
submovements with or without visual feedback [F(1,4) ! 0.037,
P ! 0.85]. This result supports the idea that submovements of
fixed average duration are a kinematic feature of curved move-
ments, irrespective of whether visual feedback is present. It is
of course also possible that movement segmentation is an
idiosyncratic feature of the biomechanics of the wrist joint.
However, a type of movement segmentation was also found for
elbow movement, with or without visual feedback (Doeringer
and Hogan 1998). This generality argues against (but does not
exclude) a biomechanical origin for movement segmentation.
Another possible concern is that movement segmentations
might represent physiologic tremor. Excluding this possibility
on a quantitative basis is difficult (Vallbo and Wessberg 1993).
However, visual inspection of the trajectories did not show
stereotyped cycles of back-and-forth oscillations, which makes
tremor unlikely. It should be noted that, although the channel
had a constant curvature, our task did not require paths of
constant curvature but only paths that stayed within two radial

boundaries, which could have varying or constant curvature.
Our finding was that paths had varying curvature.

Training in Different Speed Ranges Led to Similar Changes
in the Speed–Accuracy Trade-Off Function

We started our investigation by assessing how subjects
changed their speed–accuracy trade-off with training. The first
finding was that subjects showed increased accuracy at speeds
that extended beyond their training range, which raised the
question, would generalization look different if training was
constrained to a different speed range? We therefore trained
two additional groups of subjects, one at a slower constrained
speed and one at a faster constrained speed, respectively. The
speeds experienced during training by these two groups, as
well as those experienced by the group described earlier, are
indicated by the histograms in Fig. 9A. As for the initial
(medium-speed) group, we probed accuracy at five test MTs
before and after training (Fig. 9A). Interestingly we saw a
similar change in the SAF for the three training speeds; that is,
the shape of the SAF after training was similar regardless of
training range. This result was supported by comparison, be-
tween groups, of changes in the performance measure, "z:
although there was an overall improvement in performance ["z
was significantly different from 0, t(41) ! 9.79, P # 0.0001],
there was no difference between groups in the amount of
improvement across all speeds [F(2,41) ! 0.078, P ! 0.925 for
group effect; F(4,164) ! 2.46, P ! 0.0474 for speed effect; and
F(8,164) ! 1.298, P ! 0.248 for day $ speed interaction; Fig.
9B]. The lack of interaction indicates that similar improve-
ments occurred within each speed range, regardless of the
speed practiced during training.

DISCUSSION

We sought to characterize the structure of motor skill learn-
ing at the levels of task performance and of underlying kine-
matics by studying changes in the speed–accuracy relationship
for a wrist precision guidance task. We emphasized the need to
distinguish learning-related changes in kinematics from those
associated with greater control demands when movements are
executed at higher speeds. Training within a restricted speed
range led to improvements that generalized to outside the
trained range, as indicated by a change in the overall SAF for

Fig. 8. Representative velocity and jerk pro-
files before and after training, demonstrating
the lack of change in number of submovements
and the reduction in overall jerk amplitude.
A: velocity (top) and jerk (bottom) profiles of a
fast movement before (gray) and after (black)
training. B: velocity (top) and jerk (bottom)
profiles of a slow movement before (gray) and
after (black) training.
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performed movements with their nondominant left wrist while lying
in a supine position (Fig. 1A). They viewed, through video goggles
(Resonance Technology, Los Angeles, CA), the same display of
targets and cursor as in the behavioral sessions. A Qualysis (Gothen-
burg, Sweden) infrared camera, positioned inside the MRI room
(distance !2 m from magnet), recorded the wrist pointing direction as
the position of a spherical reflective marker on the index finger’s
proximal interphalangeal joint (the hand was closed in a fist) at a
sampling rate of 100 Hz. Subjects moved the screen cursor horizon-
tally and vertically by pointing with their closed fist (Fig. 1B). Each
subject’s forearm was placed in a splint to prevent forearm supination,
so that the screen x and y positions were mapped, respectively, to
wrist flexion-extension and radial-ulnar deviation. A laptop com-
puter (Apple, Cupertino, CA) was used to control the visual display
and to collect cursor position data with custom software.

Study design inside the scanner. Subjects performed three experi-
mental runs (Localizer, Trained, and Untrained) in the scanner on day
1 and two (Trained and Untrained) on day 5 (Fig. 1C). To obtain
maximum sensitivity to task effects, a block design was used. Hori-
zontal (Trained) and vertical (Untrained, control) versions of the APT
(see below) were performed in separate runs before and after training.
Six movements were performed in 18-s blocks (repeated 6 times) at a
slow speed (1.5 s per movement). Movement blocks were interleaved
with 12-s rest periods.

During rest periods, subjects were instructed to relax their wrist and
wait for the visual cue indicating the beginning of the next block.
During the movement blocks, subjects performed semicircular move-
ments through a channel (0.7 cm wide) between two circular targets
(0.7-cm diameter) separated by 4.4 cm. These dimensions refer to the
position of the reflective marker as recorded by the motion capture
camera. In each trial, subjects moved the cursor from one target to the

other in a curved clockwise motion, attempting to keep the cursor
within the arc channel (Fig. 1B). The “go” signal for each movement
was a visual cue (target color changed from red to green). The
instruction to the subjects was to move the cursor between the targets
without crossing the boundaries of the channel, and to maintain the
required MT.

During movement blocks, subjects received online feedback of
cursor position but no further information about their success or
failure, or about their movement speed. To control for MT across
sessions, subjects had a short training session before the experimental
run, in which feedback about MT was given.

Tasks. Subjects performed three types of movement task. The
Trained task consisted of APT movements as described above with
the two targets arranged along a horizontal line, in the same config-
uration as during the behavioral training in the lab. The Untrained task
differed in the target arrangement, which was vertical (rotated in 90°)
and was never practiced outside of the scanner. In both tasks, move-
ments were always made in a clockwise direction (Fig. 1B). In
addition, subjects performed a Localizer task on day 1, which served
as a functional localizer to identify brain areas involved in planning
and execution of visually guided left wrist reaching movements.
Subjects had to guide a cursor between a start target (diameter 0.7 cm)
presented at the center of the screen and targets (diameter 0.7 cm)
presented 3.5 cm to the left and to the right of the start target by
making a sequence of straight out-and-back visually guided move-
ments. As for the APT experiments, this task had a block design: six
out-and-back movements were performed in each 18-s block.

Imaging analysis. Preprocessing and computing activation maps
were all performed with Brain Voyager QX 1.10 (Brain Innovation,
Maastricht, The Netherlands). Before statistical analysis, head motion
correction using trilinear interpolation, high-pass temporal filtering in
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Fig. 1. A: experimental setup in the MRI scanner. Subjects
performed the arc pointing task (APT) task while lying
supine and moving their left wrist. The position of the
marker was captured by the infrared camera that was posi-
tioned in the scanner room. Subjects received feedback
through goggles. B: sample hand paths from the Trained
(top) and Untrained (bottom) tasks, recorded in the scanner,
before (gray, day 1) and after (black, day 5) training. The
task was to move the cursor in a clockwise direction from
one circle to the other through a circular channel, without
crossing the channel’s boundaries. Day 1 trajectories show
greater trial-to-trial variability than day 5 trajectories for the
Trained task but not for the Untrained task. C: experimental
protocol. Subjects participated in a 5-day protocol, which
was composed of 5 daily sessions in the lab and 2 MRI
scans on days 1 and 5. After the MRI sessions a speed-
accuracy trade-off function (SAF) for the APT was derived
for each subject.
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disagreements about whether motor cortex is organized topo-
graphically or is even divisible into functionally distinct areas—
and about what motor cortex represents in the first place
(Schieber, 2001; Graziano and Aflalo, 2007). Moreover, we had
little reason to expect that motor cortex would encode muscle
synergies, despite observing that ICMS-evoked EMG patterns
could be resolved into such primitives (Figure 3). Instead, syner-
gies may be encoded, if anywhere, downstream of motor cortex,

in the brainstem (Roh et al., 2011) or spinal cord (Tresch et al.,
1999; Saltiel et al., 2001; Hart and Giszter, 2010). The spinal
cord may organize even distal forelimb synergies, as it contains
premotor interneurons facilitating multiple muscles including
ones intrinsic to the hand (Takei and Seki, 2010). Nor is cortex
needed for convergent-movement primitives, as these can be
evoked by long-train microstimulation in—or even downstream
of—the spinal cord (Giszter et al., 1993; Aoyagi et al., 2004).
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testing day on mean submovement number [F(1,153) ! 0.1293,
P ! 0.72], duration [F(1,153) ! 2.16, P ! 0.14], or amplitude
of submovements [F(1,153) ! 2.56, P ! 0.11]. We obtained
similar results (i.e., significant speed effect on duration, am-
plitude, and number, and no significant day effects) when we
filtered the raw position data using a different filtering method
(smoothing splines), which suggests that the duration invari-
ance is not an artifact induced by filtering. Figure 8 depicts
representative velocity and jerk profiles before and after train-
ing for fast and slow movements, and demonstrates the train-
ing-induced reduction in integrated jerk with no changes in the
submovement’s structure.

The invariance of submovement structure could either indi-
cate a hard constraint, perhaps related to a limitation on how
curved wrist movements can be controlled, or an effect of
visual feedback-specific corrections. To address these two
alternatives we tested the effect of removing online visual
feedback. We performed an additional experiment in which
five subjects from our group of participants (and thus previ-
ously trained on the arc-skill task) were asked to perform the
arc-skill task again. After an initial warm-up block, subjects
performed a block of 100 movements without online visual
feedback, and a short block of 20 movements with visual
feedback. Comparison of the duration of the submovements
revealed no significant difference in the average duration of
submovements with or without visual feedback [F(1,4) ! 0.037,
P ! 0.85]. This result supports the idea that submovements of
fixed average duration are a kinematic feature of curved move-
ments, irrespective of whether visual feedback is present. It is
of course also possible that movement segmentation is an
idiosyncratic feature of the biomechanics of the wrist joint.
However, a type of movement segmentation was also found for
elbow movement, with or without visual feedback (Doeringer
and Hogan 1998). This generality argues against (but does not
exclude) a biomechanical origin for movement segmentation.
Another possible concern is that movement segmentations
might represent physiologic tremor. Excluding this possibility
on a quantitative basis is difficult (Vallbo and Wessberg 1993).
However, visual inspection of the trajectories did not show
stereotyped cycles of back-and-forth oscillations, which makes
tremor unlikely. It should be noted that, although the channel
had a constant curvature, our task did not require paths of
constant curvature but only paths that stayed within two radial

boundaries, which could have varying or constant curvature.
Our finding was that paths had varying curvature.

Training in Different Speed Ranges Led to Similar Changes
in the Speed–Accuracy Trade-Off Function

We started our investigation by assessing how subjects
changed their speed–accuracy trade-off with training. The first
finding was that subjects showed increased accuracy at speeds
that extended beyond their training range, which raised the
question, would generalization look different if training was
constrained to a different speed range? We therefore trained
two additional groups of subjects, one at a slower constrained
speed and one at a faster constrained speed, respectively. The
speeds experienced during training by these two groups, as
well as those experienced by the group described earlier, are
indicated by the histograms in Fig. 9A. As for the initial
(medium-speed) group, we probed accuracy at five test MTs
before and after training (Fig. 9A). Interestingly we saw a
similar change in the SAF for the three training speeds; that is,
the shape of the SAF after training was similar regardless of
training range. This result was supported by comparison, be-
tween groups, of changes in the performance measure, "z:
although there was an overall improvement in performance ["z
was significantly different from 0, t(41) ! 9.79, P # 0.0001],
there was no difference between groups in the amount of
improvement across all speeds [F(2,41) ! 0.078, P ! 0.925 for
group effect; F(4,164) ! 2.46, P ! 0.0474 for speed effect; and
F(8,164) ! 1.298, P ! 0.248 for day $ speed interaction; Fig.
9B]. The lack of interaction indicates that similar improve-
ments occurred within each speed range, regardless of the
speed practiced during training.

DISCUSSION

We sought to characterize the structure of motor skill learn-
ing at the levels of task performance and of underlying kine-
matics by studying changes in the speed–accuracy relationship
for a wrist precision guidance task. We emphasized the need to
distinguish learning-related changes in kinematics from those
associated with greater control demands when movements are
executed at higher speeds. Training within a restricted speed
range led to improvements that generalized to outside the
trained range, as indicated by a change in the overall SAF for

Fig. 8. Representative velocity and jerk pro-
files before and after training, demonstrating
the lack of change in number of submovements
and the reduction in overall jerk amplitude.
A: velocity (top) and jerk (bottom) profiles of a
fast movement before (gray) and after (black)
training. B: velocity (top) and jerk (bottom)
profiles of a slow movement before (gray) and
after (black) training.
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METHODS

Fifty right-handed subjects (28 females, 18–38 years of age), naïve
to the task, participated in the study. All subjects gave written
informed consent and received a small compensation to participate in
the study, which was approved by the Columbia University Institu-
tional Review Board. Subjects were randomly assigned to one of four
groups.

General Approach

All subjects performed a pointing task by moving a computer
screen cursor with their left wrist (Fig. 1A). The left wrist, rather than
the right, was chosen to maximize the dynamic range of learning,
based on the assumption that subjects would have worse initial
performance with their nondominant hand. The task goal was to guide
the cursor through a semicircular channel from one end to the other
without hitting the edges.

Apparatus

Subjects sat facing a computer monitor with their left forearm
splinted on a table and controlled a screen cursor by rotating their
hand (held closed into a fist with surgical adhesive tape) around the
wrist (Fig. 1A). The splint prevented forearm supination, so that
screen x and y positions were mapped, respectively, to wrist flexion–
extension and radial–ulnar deviation. A desktop computer (Apple,
Cupertino, CA) was used to control the visual display and to collect
cursor position data through custom software. A Qualisys (Gothen-
burg, Sweden) Proreflex infrared camera recorded pointing direction
as the position of a spherical reflective marker on the index finger’s
proximal interphalangeal joint (knuckle), at a sampling rate of 100 Hz.

The screen was calibrated so that a 1-cm deviation of the index
knuckle caused a 4-cm deviation of the screen cursor. Given that the
distance from radial head to the marker was 12 cm on average across
subjects, this calibration resulted in a mapping of 0.84 cm of screen
cursor movement per degree of wrist rotation. The screen was placed at

a distance of 140 cm from the subject and had dimensions of 32.2 ! 28.8
cm. The target set consisted of two horizontally separated circles (diam-
eter of 0.7 cm). The distance between the targets was normalized accord-
ing to the subject’s fist size (the distance between the proximal interpha-
langeal joint and the radial styloid process in the wrist, with the hand
closed into a fist), and was typically 4.4 cm on the screen. The targets
were connected by two semicircular channels (upper and lower). The
width of the channel was the same as the targets’ diameter (0.7 cm). The
targets and the channels were always visible. The cursor’s diameter was
0.1 cm.

The placement of the targets required subjects to make movements
(arcs of 4.4-cm diameter on the screen, i.e., 1.1 cm of knuckle deviation)
that spanned the middle half of their full range of wrist excursion, which
was "4 cm of knuckle deviation. At the time of calibration, the experi-
menter passively moved each subject’s wrist horizontally and vertically
while observing the screen cursor, and carefully adjusted the forearm’s
angle so that all cursor positions on the screen could be achieved while
keeping the wrist well away from the limits of its range of motion. In this
manner, we minimized the possibility that biomechanical limits on range
of motion would influence subjects’ movements.

Task

The task goal was to move the cursor from one circle to the other
through the arc channel in the clockwise direction (upper channel for
movements starting in left circle; lower channel for movements
starting in right circle), without touching or crossing the channel’s
edges (Fig. 1B). Thus, only one channel was presented in each trial,
and channels alternated between successive trials. At the beginning of
each trial, one of the circles became white (start circle) and the other
red (target), and subjects placed the cursor in the start circle. After a
variable delay (400 to 1,600 ms), the target changed from red to green
and a tone was played (“ok-to-go” signal). The instruction was to start
the movement at any time after the ok-to-go signal, and to move the
cursor from start circle to target (according to the speed requirements
of the block). Note that this was not a reaction time protocol: subjects

Fig. 1. The arc-pointing task. A: experimental appa-
ratus. Subjects guided a screen cursor by making a
pointing movements with their fist through wrist
flexion–extension and pronation–supination. An in-
frared camera recorded the position of a retroreflec-
tive marker attached to the knuckle. B: sample hand
paths before and after training. The task was to move
the cursor in a clockwise direction from one circle to
the other through a circular channel. Representative
trajectories from a fast test speed condition (goal
movement time was 500 ms) before training (day 1,
top panel) and after training (day 5, bottom panel).
After training, trajectories were more likely to be
within the channel than before training.
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Improvement in Accuracy Was Accompanied by Specific
Changes in Trajectory Kinematics

We asked whether increases in the probability of success in
the arc-pointing task were accompanied by specific changes in
trajectory kinematics. Importantly, we sought to dissociate
changes in kinematics related to learning from changes that
were a function of movement speed (i.e., related to control).
This was accomplished by testing performance at fixed MTs
before and after training, which allowed us to separate effects
of day (skill) from the effects of speed (task difficulty).

Skill acquisition was associated with a large reduction in
trajectory variability. A feature that has been proposed to
characterize skilled motor performance is lower trial-to-trial
variability in task-relevant dimensions compared with novice
performance (Barden et al. 2005; Madeleine and Madsen 2009;
Muller and Sternad 2009; Scholz and Schoner 1999). We
therefore computed trial-to-trial variability (in a point-by-point

comparison) for the cursor’s radial position, which was the task-
relevant dimension for the task because the cursor had to remain
in the channel. Mean variability plots for each test MT are shown
for days 1 and 5 in Fig. 4, A and B. On day 1 there was an increase
in variability as movement speed increased and as trajectories
unfolded in the channel (Fig. 4A). On day 5, there was a marked
reduction in overall variability and a flattening of speed- and
position-related variability dependencies (Fig. 4B). Variability
changes were measured using two-way ANOVA with effects of
day (day 1, before training; day 5, after training), speed (5 test
speeds), and day ! speed interaction. An ANOVA was per-
formed at each time-normalized point (i.e., 200 times). Correction
for multiple comparisons was done using random Gaussian field
theory (Worsley et al. 2004), an approach that takes into consid-
eration the temporal correlations in the data (see METHODS). All
three effects (day, speed, and day ! speed interaction) reached
significance levels (Fig. 4, C–E). Note that day and speed effects

Fig. 4. Changes in trial-to-trial path variability between day 1 and day 5. This variability is the variation in the cursor trajectory’s radial position across trials,
for a given speed, across all trials in a testing session (day 1 or day 5). Movement duration was first normalized to 200 points. Variability was computed for every
subject, time point, and test speed before and after training (see METHODS). A: average variance as a function of normalized time and test MT on day 1. Variance
was greater for later portions of the trajectory and for higher speeds. B: average variance as a function of normalized time and test MT on day 5. Although the
same trends seen in day 1 persist, there is a noticeable reduction in overall variance levels. C: day effect on variance (F values) as a function of normalized time.
Larger F values indicate higher probability that variability changed with training. Dotted horizontal line represents the threshold (corrected for multiple
comparisons) above which F values are statistically significant. A significant change in variability after training can be seen throughout most of the trajectory.
D: speed effect (F values) as a function of normalized time. The changes in the variability measures between test speeds are most marked in the late portion of
the trajectory. E: day ! speed interaction effect (F values) as a function of normalized time. Compared with the main effects, the interaction is smaller and reaches
significant levels only for brief portions of the trajectory.
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Kimura et al. The Biomechanical Concept of Coordination

FIGURE 2 | The concept of the muscle synergy hypothesis. Because the human body has a greater number of degrees of freedom to successfully perform the motor

task, it is believed that the central nervus system (CNS) is always faced with the problem of choosing a certain combination from an infinite number of possibilities. It

implies that the CNS needs to perform a large amount of computation. To address this problem, CNS is believed to adopt a control strategy that reduces the number

of degrees of freedom requiring control, i.e., the muscle synergy hypothesis. The muscle synergy hypothesis is based on the assumption that the CNS controls

synergies composed of multiple muscles, rather than individual muscles separately. With this control strategy, the CNS may be less computationally demanding than

when controlling individual muscles.

activities in pointing movements. These studies concluded that
muscle activation patterns were captured by a small number of
time-varying synergies, suggesting that the CNS exploited this
low dimensionality to simplify control.

Some researchers argue that muscle synergy reflects the
basic aspects of muscle activation, but this argument has been
criticized because there is a lack of direct evidence for the
neural implementation of muscle synergy in the CNS (Hart
and Giszter, 2010; Overduin et al., 2012; Cheung and Seki,
2021). This criticism suggests that muscle synergy is likely
an artifact that relies on certain assumptions employed by
the algorithm for separating the activations of the synergy.
However, recent electrophysiological experiments have provided
evidence that the activations of muscle synergy are expressions
of neural activity (Hart and Giszter, 2010; Yakovenko et al.,
2011; Overduin et al., 2012; Takei et al., 2017; Yaron et al.,
2020). During voluntary hand movements, the muscle fields
of premotor interneurons in the primate cervical spinal cord

were not uniformly distributed across the hand muscles but
rather distributed as clusters corresponding to muscle synergy.
Using frog spinal cords, Hart and Giszter (2010) demonstrated
that premotor interneurons have divergent output projections
to motoneurons of muscles that match the muscle synergies
identified from the electromyography of motor behaviors. These
findings directly support the idea that muscle synergy is not an
artifact but reflects the basic aspects of muscle activation.

Breaking Away From the View of Coordination as a
Relation That Eliminates Redundancy
A di!erent definition of synergy (often referred to as
coordination) was provided at the end of the last century
(Gelfand and Latash, 1998) and was later sophisticated by
Latash and colleagues (Latash et al., 2007; Latash, 2012). They
deviated from the view of synergy as a relation between elements
to solve the computational problem on the CNS. Latash and
colleagues described synergy as not related to a reduction of the
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(Overduin et al., 2012;2015)
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