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Motor learning

>Motor learning includes: 
>motor skill learning 
>motor adaptation

>Motor skill learning: 
>learning a new skill, like riding a bicycle 
>indices of learning: reduced variability, improved speed 
>learning can go on for years
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>Motor adaptation: 
>adaptation of motor performance to a change in the environment 
>goal: reduction of perturbation-induced systematic error 
>mechanism: adjustment of existing forward model 
>time scale: minutes



Movement types

>Motor adaptation studied for various types of movement: 
>reaching 
>saccades 
>locomotion 
>throwing 
>…
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>Here: focus on reaching 
>Reaching modelled most extensively 
>Generally comparable results for other movement types



Prism adaptation

4



Visuomotor adaptation in VR
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>In 2D: >In 3D:



Force fields
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Figure2. Configurations of a model two-joint arm, representing typical 
kinematics of the human arm, at two workspace locations where reach- 
ing movements were performed. Typical shoulder and elbow angles at 
these two workspaces were 15” and 100” at right and 60” and 145” at 
left, using coordinates defined in Figure 1. 

domly chosen from the set (O”, 45”,. . ., 315”) and at a distance of 10 
cm was presented. After the subject had moved to the target, the next 
target, again chosen at a random direction and at 10 cm, was presented. 
A target set consisted of 250 such sequential reaching movements. All 
targets were kept with in the confines of the 15 x 15 cm workspace. 
The targets represented a pseudorandom walk. 

In some cases, the manipulandum was programmed to produce forces 
on the hand of the subject as the subject performed reaching movements. 
These forces, indicated by the vectorf, were computed as a function of 
the velocity of the hand: 

f= B%, (1) 
where X was the hand velocity vector, and B was a constant matrix 
representing viscosity of the imposed environment in end-point coor- 
dinates. In particular, we chose B to be 

B= -10.1 -11.2 
-11.2 11.1 1 N. set/m. 

Using this matrix, the forces defined by Equation 1 may be shown as 
a field over the space of hand velocities (Fig. 3A). For example, as a 
subject made reaching movements in this field, the manipulandum pro- 
duced forces shown in Figure 3B (here we have assumed that the move- 
ments are minimum jerk, as specified by Flash and Hogan, 1985, with 
a period of 0.5 set). 

Note that in the field defined by Equation 1, forces that act on the 
hand are invariant to the location ofthe workspace in which a movement 
is done; that is, the forces are identical in the left and right workspaces 
of Figure 2. Therefore, we say that the force field defined in Equation 
1 is translation invariant in end-point coordinates. 

In some cases, a different kind of a force field was produced by the 
manipulandum, one that was not translation invariant in end-point 
coordinates. This field was represented as a function of the velocity of 
the subject’s shoulder and elbow joints during the reaching movements: 

1= wq, (2) 
where 7 was the torque vector acting on the subject’s shoulder and elbow 
joints, 4 was the subject’s joint angular velocity, and W was a constant 
matrix representing viscosity of the imposed environment in joint co- 
ordinates of the subject. We say that the field described by Equation 2 
is translation invariant in joint coordinates. Indeed, note that the torque 
field in Equation 2 is equivalent to the following force field (i.e., forces 
acting on the hand): 

f= (JW-’ w  43 (3) 
where J(q) = dx/aq is the configuration-dependent Jacobian of the con- 
figuration mapping from q to x, and the superscript T indicates the 
transpose operation. Because the Jacobian changes as a function of the 
angular position of the limb,fvaries depending on the workspace where 
a reaching movement is performed. In particular, we chose W so that 
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Figure 3. An environment as described by the force field in Equation 
1. A, The force field. B, Forces acting on the hand during simulated 
center-out reaching movements. Movements are simulated as being 
minimum jerk with a period of 0.5 set and amplitude of 10 cm. 

the force field that resulted from Equation 3 at the right workspace was 
almost identical to the field produced by Equation 1. To accomplish 
this, the matrix W was calculated for each subject as 

W = J;BJo, 
where J,, is the Jacobian evaluated at the center of the right workspace. 
For a typical subject, we derived the following W matrix: 

IV= [i:zi -~:~:]N.m~sec/rad 

When the above joint-viscosity matrix was used to define an environ- 
ment, the resulting force field depended upon the position of the work- 
space where movements were being made. At the right workspace, this 
field (Eq. 3) was almost identical to that produced by Equation 1 (a 
correlation coefficient of0.99; see Appendix). However, at the left work- 
space, the forces produced by Equation 3 were substantially uncorrelated 
(nearly orthogonal) to that of Equation 1. The force field produced by 
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>Perturbation on: 
>initially large errors 
>errors decrease 

approximately 
exponentially

Prism adaptation: typical result
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>Perturbation off: 
>initially large errors 

in opposite direction 
(after effect) 

>errors decrease 
approximately 
exponentially

Martin et al. (2002) J Neurophysiol 88: 1685-1694



Visuomotor rotation paradigm
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In the cerebellum, directional tuning functions are not ho-
mogeneous but can take several forms (Coltz et al. 1999). One
possibility is that a mixed representation of cosine and Gaus-
sian-sum tuning could explain null generalization beyond 90°
as their respective positive and negative generalization would
then cancel each other out. To address this issue, we con-
structed a population coding model using a mixture of cosine
and Gaussian-sum tuning as

r! ! !
i!1

Ncos

d! i
cosgi

cos""# # !
i!1

NGauss-sum

d! i
Gauss-sumgi

Gauss-sum""# (17)

and varied the proportion Ncos/NGauss-sum from 0 to 100% in
step of 20% (Fig. 2A). A numerical simulation confirmed that
a population-coding model composed of 20% cosine and 80%
two-Gaussian tuning indeed showed null generalization be-
yond 90°, consistent with experimental results (Krakauer et al.
2000). This mixture proportion is, however, not found in the
cerebellum where only a minority of cells (12–18%) showed
bimodal tuning (Coltz et al. 1999), and even in this case, there
was considerable generalization at 45° separation ($50%),
which is wider than the generalization observed for rotation
adaptation.

Population vectors are usually computed as sums using the
differences in firing rates from their mean values rather than
the raw firing rates (see, e.g., Eq. 2 of Georgopoulos et al.
1988), so offsets in cosine tuning are not important. However,
the degree of generalization depends on the overlap of two
population activities, which does depend on the offset values,
so it is of interest to examine how offsets affect the degree of
postadaptation generalization. We performed a numerical sim-
ulation using cosine tuning with an offset term

r! ! !
i!1

N

d! i%gi
cos""# # g0& (18)

where the offset was varied from 0 to 1.2 in steps of 0.3 (Fig.
2B). Similarly in the mixed population in the preceding text,
the population vector for g0 ! 0.6 and an offset produced
almost null generalization beyond 90° but showed considerable
generalization at 45°, inconsistent with experimental findings.
These simulation results provide further support that only
narrow unimodal Gaussian tuning can explain the narrow
shape of postadaptation generalization found experimentally
for rotation learning.

FIG. 1. Relationship between tuning shape and postadaptation generalization function shape. A: extent of postadaptation generalization computed with 3
different basis functions: Gaussian (—), cosine (- - -), and sum of Gaussians ( ! ! ! ) tuning. Adaptation in training direction (0°) set to 100%. B: Schematic of
rotation generalization in terms of a vector when population activities overlap positively or negatively. Suppose that a movement error 'r! is observed when a
movement is made toward the upper-right target. When the activity overlap [gT (")g(" (180°)] is positive as in the case of 2-Gaussian tuning, the error vector
is transported to the opposite movement direction without changing its sign, resulting in interference (negative generalization). In contrast, when the overlap is
negative, as in the case of cosine tuning, the direction of the error vector is transported with an inverted sign, resulting in positive generalization. The
experimentally observed absence of generalization can be explained only by narrow Gaussian tuning curves.

FIG. 2. Effects on postadaptation gener-
alization shapes when a mixed population of
cosine and Gaussian-sum tuning functions
was considered (A) and when an offset term
was added to the cosine tuning function (B).
The numbers accompanied by the curves
denote the percentages of cosine tuned units
in the mixed population in A and the offset
values in B, respectively.
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>Perturbation:

Population-coding model with narrow Gaussian tuning
predicts adaptation rate and postadaptation generalization
in multi-target rotation learning

Assuming that rotation adaptation might depend on neurons
with narrow tuning functions, we asked whether narrow tuning
widths could explain two previous experimental results in
multi-target rotation learning (Krakauer et al. 2000. The first
finding was that the adaptation rate decreased gradually as the
number of training target increased and that the adaptation rate
divided by the number of visits to a target was found to be
almost constant. This implies that adaptation at one target was
independent of visits to the other targets, which provides an
upper limit on the tuning width. The second finding was that
the degree of postadaptation generalization gradually increased
as the number of training targets increased.

AVERAGE LEARNING RATE. Can the population-coding model
explain the exponential decay of directional error during ad-
aptation? We first simulated the eight-target experiment with a
randomized target order. We generated a trial-by-trial vectorial
error time series with the population-coding model assuming a
narrow Gaussian tuning function of width 23°, converted the
vectorial errors into scalar angular errors and fitted them with
an exponential function. To simulate planning noise (Gordon et
al. 1994: van Beers et al. 2004), we added independent Gauss-
ian noise, with a SD of 5% of the hand-movement amplitude,
to the output vector, r!. Gray circles for both the experimental
and modeling data represent errors observed at each trial in the
trial-by-trial error sequence. Figure 3B demonstrates that the
model matched the trend in the eight-target experiment (A),
and the noise in the movements.

We then examined how the number of training targets (1, 2,
4, or 8) influenced the adaptation rate. In agreement with the
experimental findings (Fig. 4A), the model reproduced the
gradual decrease in the learning rate as the number of target
increased (B). The learning speeds divided by number of
targets were almost constant. The constant learning rate repro-
duced in the model can be explained by narrow tuning width:
training in one direction was almost independent of learning in
other directions. Therefore the activity overlap between adja-
cent targets should be small, and the observed independent
learning interaction across targets separated by 45° imposed an
upper limit on the tuning function width.

POSTADAPTATION GENERALIZATION. In previous work, we
found that a 30° rotation learned to a single target did not
generalize beyond 90° (Krakauer et al. 2000). However, pos-
tadaptation generalization increased as the number of training

directions sampled increased (Fig. 5A). To confirm that the
population-coding model could reproduce these generalization
patterns, we trained the model fully on the 30° counter-
clockwise rotation for one, two, four, and eight targets and
then, after training reached asymptote, we tested the extent to
which the model generalized to other untrained directions.
Figure 5B shows that the model successfully reproduced the
experimental generalization pattern although there was a small
discrepancy at 90° for two-target learning. Whereas the post-
adaptation generalization function computed from the experi-
mental data shows small positive values at 90° separation and
beyond, the function computed from the population-coding
model takes almost zero values. The tuning function in the
model (Eq. 16) did not include a constant term, which would
have contributed uniformly to generalization for all target
directions. Our main interest in this study was to investigate the
width of generalization but not the value itself, so for simplic-
ity we did not introduce a constant term in the tuning function.
The shape of the postadaptation generalization functions were
all nearly symmetric with respect to trained target directions,
which supported the hypothesis that the weight vectors and not
the preferred unit directions were subject to modification dur-
ing visuomotor adaptation.

Narrow directional tuning predicts
trial-by-trial generalization

We next investigated whether the population-coding model
with narrow Gaussian tuning could also explain trial-by-trial
generalization of rotation as shown previously for force-field
adaptation (Donchin et al. 2003; Thoroughman and Shadmehr
2000). In the population-coding model, a directional error
experienced at the kth trial led to an update of the weight
vectors, as shown in Eq. 12, and these updated weight vectors
in turn influenced the movement direction at the (k ! 1)th trial,
as in Eq. 13. Therefore the model described trial-by-trial
generalization as a direct consequence of changes in the weight
vectors. In principle, though, the same results could have been
obtained by changing the preferred target directions, {!i}, but
this would not have reproduced the nearly symmetric patterns
of generalization (see the paragraph containing Eq. 15 in
METHODS).

Figure 6A shows the trial-by-trial errors from a representa-
tive single run from one participant (solid black line). The
single-state model was fitted by adjusting B and "1 and
accounted well for the trial-by-trial errors (dashed gray line).
The R2 value of this participant was 0.806 and that averaged
across the 12 participants was 0.715. To confirm that trial-by-

FIG. 3. Rotation learning. Trial-by-trial
errors (open gray circles) and fitted learning
curves (thick black lines) for eight-target
training. A: experimental data taken from
Krakauer et al. (2000), with permission;
B: simulated errors derived from the popu-
lation-coding model. Trials #10 to 0 are at
baseline (visual feedback, no rotation). In
the simulation, 5 independent runs were
computed, and the average learning curve is
shown.
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>Typical result:

>initially large errors 
>errors decrease approximately 

exponentially



>Stepwise introduction of perturbation: 
>approximately exponential reduction of errors

Experimental results so far
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>How can this be modelled? 
>Desired: model that predicts movement direction in each 

movement, based on error in previous movement (learning from 
errors) 

>Neglect biomechanics, muscle mechanics etc, assume accurate 
forward model

>Important: 
>this is a model in discrete time 
>model should be described by a difference equation (as 

opposed to differential equation)



>Define: 
>x(i): movement direction in movement i 
>e(i): movement error in movement i

>We look for relation between x(i + 1), x(i): and e(i): 

A very simple model

10

x(i +1) = x(i)+ Be(i)

>with: 
>B:    learning rate (proportion of error that is corrected for)
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>This model produces 
exponential error 
reduction. 

>B determines 
adaptation rate

>Prediction: 
>adaptation will be 

complete if the 
perturbation block is 
long enough



Data on this paradigm
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p< 0.001), and B2 was on average 0.03 (also significantly larger than 0; t(12) = 3.69, p = 0.003).
Thus, there was significant learning in both processes. For retention (Fig. 2.C), we found that
A1 was on average 0.77 (significantly smaller than 1; t(12) = -7.10, p< 0.001) and A2 was on av-
erage 0.99 (also significantly smaller than 1; t(12) = -3.14, p = 0.009). Thus, there was also sig-
nificant forgetting in both processes. The fast process corrected for 46% of the error on each
trial, but forgot 23% of what it had learnt. The slow process corrected for 3% of the error on
each trial and forgot 1% of what it had learnt.

The exact values of the parameters need to be interpreted with caution. We used a within-
subjects design, which allowed us to test the prediction that the balance between learning and
forgetting could explain the different adaptation in the three magnification conditions. Howev-
er, using a within-subjects design introduced the possibility of transfer of learning between
conditions. We accounted for a change in the baseline bias by determining the initial bias in
the pre-feedback block for each session. However, there may have been other transfer effects,
for instance on the rate at which the mapping is learnt (savings). To check whether there was
transfer of adaptation between sessions, we re-grouped the data by the order in which sessions
had been performed (Fig. 3) and re-performed the repeated measures analysis on the level of
adaptation during the last 10 trials of the feedback blocks, this time with the factor Session
Number rather than Magnification. This repeated measures analysis showed that there was no
significant influence of the Session Number on the level of adaptation (F(2,11), = 0.18, p =
0.83).

Discussion
In this study, we examined why adaptation is generally incomplete. In doing so, we focused on
the idea that the incompleteness of adaptation is caused by forgetting: the learnt adaptation is
already partially forgotten by the time the next movement is made [5,14,19]. We tested this
idea by scaling the shown errors with three different magnification factors (2, 1, 0.5), perturb-
ing the balance between learning and forgetting.

As predicted, we found that adaptation to a -10° rotational bias in the visual feedback was
more complete when errors were scaled with a larger magnification factor. This result provides
the first experimental support for the idea that incompleteness of adaptation is caused by

Fig 3. Order effects. Azimuthal errors as a function of trial number when averaged by session rather than by magnification condition. The session number
did not influence the level of adaptation in feedback blocks.

doi:10.1371/journal.pone.0117901.g003

Visuomotor Adaptation: Forgetting and Retention

PLOS ONE | DOI:10.1371/journal.pone.0117901 February 27, 2015 9 / 13

van der Kooij et al. (2015) PLoS ONE 10: e0117901

>Observation: 
>adaptation is often 

incomplete 
>How should we adjust 

the model?

>Prediction: 
>adaptation will be 

complete if the 
perturbation block is 
long enough



>Add to the model: 
>A: retention factor

Data on this paradigm
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>Prediction: 
>same time constant 

of exponential at 
every stepwise 
perturbation change

x(i +1) = Ax(i)+ Be(i)
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account for incomplete 
adaptation.



Data on this paradigm
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Kinematics and dynamics are learned independently
To determine if the learning of a rotated reference frame and an
altered mass distribution are independent, we first asked whether
the learning of a lateral mass would interfere with subjects’ con-
solidation of a newly learned rotated reference frame. Group 5
practiced and learned to move a laterally displaced load in the
absence of visual feedback 5 minutes after learning a 30° rota-
tion. This dynamic learning was quantitatively similar to that of
subjects in groups 3 and 4. This did not interfere with the reten-
tion of kinematic learning on day 2, which was not significantly
different from that seen for group 1 (p = 0.52; Fig. 4).This is con-
sistent with independence of kinematics from dynamics.

Next, we asked if adaptation to rotation or to a lateral mass
is reduced when the two are learned concurrently. Figure 5 shows
the results of this experiment in subject group 6, who experi-
enced both the rotation and the lateral mass concomitantly on
day 1 and day 2. The reductions in directional error (Fig. 5a and
b) and in the directional variation of normalized area over time
(Fig. 5c and d) did not differ statistically from those of subjects
learning each separately in groups 1, 2 and 3 (directional error,
F3 = 0.89, p = 0.465; normalized area variation, F2 = 0.3, p =
0.745). (In all cases, comparisons were of differences between
cycles 2 and 3 at the beginning, and 32 and 33 at the end of the
training blocks.) Thus, concomitant learning of the lateral mass
did not interfere with the learning of CCW rotation or vice versa.
It should be noted that, unlike group 3 who learned the lateral
mass alone, group 6 had visual feedback of the cursor motion on
the screen during this dual learning. The
parallel learning of a novel visuomotor
transformation and a novel inertial con-
figuration in the presence of visual feed-
back makes it unlikely that the lack of

interference observed in serial learning above (group 5) result-
ed from differences in the sensory channels providing feedback.
Moreover, since adding visual feedback did not increase the rate
at which a novel dynamic configuration was learned, it is likely
that that proprioception alone provided the information need-
ed to learn the new inertial dynamics.

DISCUSSION
The present observations demonstrate three main points. First,
there is consolidation in the learning of novel kinematics and
dynamics. Second, learning of another kinematic or dynamic
model with conflicting sensorimotor mappings interferes with
the consolidation of previously learned models of the same type.
Third, the learning of novel intersegmental dynamics does not
interfere with the consolidation of a newly learned kinematic
transformation, and the two can be learned concurrently at the
same rate as singly. This indicates that the learning of kinematics
and dynamics are independent.

Current views of learning posit that both error storage and
processing occur in working memory25. For motor learning, this
would suggest that the storage of movement errors and the com-
putation of an internal model also take place in working mem-
ory. Such learning is interfered with when a perturbation requires
learning a new model in which opposite corrective adjustments
are necessary to counter the same feedback signal24. In this case,
there is a conflict in the adaptive changes required by error signals
in the two conditions. Interference with consolidation seen in
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line, day 1 and day 2 (ANOVA F4,25 = 19.45; 
p < 0.0001). The horizontal lines indicate signif-
icant comparisons at post-hoc analysis.
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Fig. 5. Kinematics and dynamics are learned in
parallel. (a, c) Learning curves for group 6.
The mean directional error per cycle (a) and
mean standard deviation of the normalized
area per cycle (c) are plotted against cycle
number during the training block on days 1 and
2. Symbols as in Fig. 1b and d. (b, d). Bar charts
for Group 6 showing the mean directional
error and the mean standard deviation of the
normalized area. Symbols as in Fig. 1c and e.
Significant differences were found across base-
line, day 1 and day 2 (mean directional error:
ANOVA F4,25 = 42.56; p < 0.0001; mean stan-
dard deviation of the normalized area:
ANOVA F4,25 = 8.44; p = 0.0004). The hori-
zontal lines indicate significant comparisons at
post-hoc analysis.
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>Relearning is generally 
faster than initial learning: 
savings

>This is incompatible with 
model considered so far. 

>How should we adjust the 
model?
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Interacting Adaptive Processes with Different
Timescales Underlie Short-Term Motor Learning
Maurice A. Smith1*, Ali Ghazizadeh2, Reza Shadmehr3

1 Division of Engineering and Applied Sciences, Harvard University, Cambridge, Massachusetts, United States of America, 2 Department of Bioengineering, University of

California Berkeley, Berkeley, California, United States of America, 3 Department of Biomedical Engineering, Johns Hopkins University School of Medicine, Baltimore,

Maryland, United States of America

Multiple processes may contribute to motor skill acquisition, but it is thought that many of these processes require
sleep or the passage of long periods of time ranging from several hours to many days or weeks. Here we demonstrate
that within a timescale of minutes, two distinct fast-acting processes drive motor adaptation. One process responds
weakly to error but retains information well, whereas the other responds strongly but has poor retention. This two-
state learning system makes the surprising prediction of spontaneous recovery (or adaptation rebound) if error
feedback is clamped at zero following an adaptation-extinction training episode. We used a novel paradigm to
experimentally confirm this prediction in human motor learning of reaching, and we show that the interaction between
the learning processes in this simple two-state system provides a unifying explanation for several different, apparently
unrelated, phenomena in motor adaptation including savings, anterograde interference, spontaneous recovery, and
rapid unlearning. Our results suggest that motor adaptation depends on at least two distinct neural systems that have
different sensitivity to error and retain information at different rates.

Citation: Smith MA, Ghazizadeh A, Shadmehr R (2006) Interacting adaptive processes with different timescales underlie short-term motor learning. PLoS Biol 4(6): e179. DOI:
10.1371/journal.pbio.0040179

Introduction

Savings is a fundamental property of memory. It refers to
the ability of prior learning to speed subsequent relearning
even after behavioral manifestations of the prior learning
have been washed out. A typical experiment that demon-
strates savings has three parts. First, a novel response to a
stimulus is gradually learned over the course of many trials.
Next, this stimulus-response relationship is unlearned or
extinguished so that the stimulus no longer evokes the
learned response. Finally, the initially learned stimulus-
response relationship is relearned under the original learning
conditions. If savings is present, relearning will proceed more
quickly than initial learning.

Savings has been studied in several classical conditioning
[1] and operant conditioning paradigms [2] but until recently
had not been demonstrated in motor adaptation. Motor
adaptation is a type of learning in which motor commands
are altered to compensate for disturbances in the external
environment or in the motor system itself. A recent study of
eye saccade gain adaptation by Kojima et al. [3] elucidated
several properties of savings in motor adaptation. This study
showed that (1) savings can occur in a motor adaptation task,
(2) it can cause a sudden jump in performance if a block of
no-feedback (dark) trials is inserted between the extinction
and re-adaptation blocks, and (3) it can be washed out if a
block of baseline trials is inserted between the extinction and
re-adaptation blocks.

Current models of trial-to-trial motor adaptation cannot
account for these results. While these models have been
successfully used to predict motor responses to novel,
randomly generated disturbance sequences [4,5] and to assess
the patterns of generalization [6,7], these models all predict a
single time constant of adaptation. However, in addition to
savings, several other experimental observations suggest that

time constants of adaptation may increase or decrease from
baseline depending on the specifics of the training regimen.
One well-known effect is anterograde interference. This
refers to the finding that learning an initial motor adaptation
reduces not only the initial performance but also the time
constant for subsequently learning the opposite adaptation
[8–10]. Two other important observations are rapid de-
adaptation [10,11] and rapid downscaling [10], where fully or
partially unlearning a motor adaptation can be faster than
initial learning of this adaptation. In summary, current
models of trial-to-trial adaptation fail to account for the
effects of savings, spontaneous recovery, anterograde inter-
ference, rapid unlearning, and rapid downscaling.
To account for the results of their savings experiments,

Kojima et al. suggested a novel two-state model in which
distinct mechanisms specialized in increasing the gain of
saccades versus decreasing it [3]. This gain-specific model
successfully produced savings and washout of savings ob-
served by these authors. However, it failed to account for the
spontaneous recovery of the initially adapted state when
monkeys were held in darkness following the extinction trials
(allowing saccades to take place without error feedback). This
model is also unable to explain the phenomenon of
anterograde interference in which secondary learning is
slower than baseline.
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x(i +1) = Ax(i)+ Be(i)

>Idea: 
>there are two (hidden) states: 
>x1 (fast state) that learns quickly but has poor retention 
>x2 (slow state) that learns slowly but has good retention 
>output is sum of both states

x1(i +1) = Af x1(i)+ Bf e(i)
x2 (i +1) = Asx2 (i)+ Bse(i)
x(i) = x1(i)+ x2 (i)
Bf > Bs , Af < As



x1(i +1) = Af x1(i)+ Bf e(i)
x2 (i +1) = Asx2 (i)+ Bse(i)
x(i) = x1(i)+ x2 (i)
Af = 0.92, Bf = 0.06
As = 0.995, Bs = 0.02
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>Can explain savings. 
>Or is this simply because 

the net adaptation differs 
between the start of the 
two adaptation blocks? 



x1(i +1) = Af x1(i)+ Bf e(i)
x2 (i +1) = Asx2 (i)+ Bse(i)
x(i) = x1(i)+ x2 (i)
Af = 0.92, Bf = 0.06
As = 0.995, Bs = 0.02
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>Savings still present! 
>Interpretation: 
>internal states different 

at start of 2nd block 
>fast state initially < 0 ⟹ 

adapts more (forgets 
less) ⟹ savings
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Figure 3. Experimental Results from the Force-Field Learning Error-Clamp Paradigm

(A and B) Paradigms for simulated error-clamp experiment. These paradigms are the same as the paradigm shown in Figure 2A, except that here one
group (the NP group) of participants is exposed to an initial adaptation to a clockwise viscous-curl force field while the other group (the PN group) is
exposed to an initial adaptation in the opposite direction (counterclockwise).
(C) Example force trajectories during the course of this learning paradigm. Force trajectories from selected error-clamp trials for one participant in each
group are shown as red arrows with tips connected by dashed black lines. The blue line represents the force trajectory required to fully cancel the force
field applied during the initial learning block for each participant. The same trials are shown for each participant, and each trial is labeled by a block
identifier and the trial number within that block. For example, N97 is the 97th trial in the null-field practice block, A17 is the 17th trial in the initial
adaptation block, and F1 is the first trial in the force-channel (error-clamp) block. Since the adaptation requires the production of lateral forces, only
lateral forces are shown. Lateral forces (red arrows) in the baseline period are small and inconsistent in direction. However, during the initial adaptation
block these lateral forces grow with training so that they nearly cancel the applied force field. After the extinction block, the first trials in the error-clamp
block show a near-zero or negative pattern of lateral forces with respect to the forces displayed late in the initial adaptation block. However, by trials
12–15 in the error-clamp block, a small but consistent rebound of the pattern of lateral forces seen during initial adaptation emerges. This rebound
substantially fades away by trial 90 in the error-clamp block.
(D) The average time course of adaptive changes in the pattern of lateral forces. Data from both the PN and NP groups are averaged together. The
adaptation score corresponding to the force pattern displayed on a particular trial was assessed by computing a force-field compensation factor (see
Materials and Methods). In short, this force-field compensation factor measures the fraction of (initial adaptation) force field that would be
compensated by the pattern of lateral forces displayed on a particular trial by regressing the measured lateral force pattern onto the ideal pattern of
lateral forces required to fully compensate the force field. The transient rebound of motor output in the error-clamp block matches the rebound
predicted by the multi-rate model. The blue error bars represent experimental data (meanþ/" standard error of the mean.). The green line is the best-fit
multi-rate model, and the red and purple lines are the best-fit gain-specific and single-state models. The best-fit model parameters (with 95%
confidence intervals) for the multi-rate model were A1¼ 0.992 (0.990–0.994), B1¼ 0.02 (0.013–0.025), A2¼ 0.59 (0.43–0.76), and B2¼ 0.21 (0.10–0.35).
(E) Summary of results from NP and PN groups. The asterisks indicate significant difference in lateral forces from baseline. Both groups display
significant adaptation rebound by trials 10–20 of the error-clamp block compared to the initial error-clamp trials (p , 0.01 for both the NP and PN
groups taken separately, and p , 0.0001 for all participants taken together) and compared to baseline lateral force levels before learning (p , 0.01 for
the NP group, p , 0.001 for the PN group, and p , 0.0001 for all participants taken together).
NP, negative/positive group; PN, positive/negative group.
DOI: 10.1371/journal.pbio.0040179.g003
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A Unifying Model of Motor Adaption
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>Other effects this model can explain: 
>anterograde interference: initial adaptation is more rapid (shorter 

time constant) than subsequent adaptation in opposite direction

despite evidence of behavioral extinction [31]. These neural
responses during extinction show that the cells fall into two
classes such that the sum of the contributions of the two
classes adds to zero, while each class predicts a different
pattern of force. The multi-rate model predicts that the
‘‘memory I’’ cells reported by these authors are a reflection of
the slow system; showing strong adaptive responses by the
end of initial training that are maintained during extinction.
In contrast, our model predicts that the ‘‘memory II’’ cells are

a reflection of the fast system, showing little or no adaptive
response by end of initial training but a strong response
during extinction (in order to compensate for the slow
system). Therefore, whether the modules that we see depend
on the cerebellum, motor areas in the cerebral cortex, both,
or even other cortical or subcortical structures, is at this
point unclear.
In fact, the fast and slow adaptive processes that we have

inferred from the data do not necessarily implicate separate

Figure 4. Simulations of Motor Adaptation with the Multi-Rate Model Explain a Variety of Previously Reported Results, Including Rapid Unlearning and
Rapid Downscaling

(A–C) Anterograde interference.
(D–F) Rapid unlearning.
(G–I) Rapid downscaling.
First column (A, D, and G): experiment paradigms. Second column (B, E, and H): Raw simulation results. Blue: initial adaptation. Red, green, and cyan:
secondary adaptation after 30, 60, or 120 trials of the initial adaptation, respectively. Third column (C, F, and I): Comparison of adaptation rates for initial
and secondary adaptations. Here the learning curves have been shifted so that they all begin at zero and scaled so that the desired performance level is
one. In the anterograde interference paradigm (A–C), the multi-rate model predicts that learning the opposite force field proceeds with a slower time
constant than initial learning; furthermore, this time constant gets even slower when number of trials in the initial learning block is increased. The multi-
rate model predicts that unlearning proceeds with a faster time constant than initial learning (E–F) and the time constant for downscaling is faster still
(H–I); however, the time constant for unlearning or downscaling returns to baseline when the number of trials in the initial learning block is increased. In
summary, the multi-rate model simultaneously explains the effects of anterograde interference, rapid unlearning, and rapid downscaling. Furthermore
this model predicts that anterograde interference will get stronger as the length of the initial adaptation period increases, but that rapid unlearning and
rapid downscaling will get weaker as the length of the initial adaptation period increases.
DOI: 10.1371/journal.pbio.0040179.g004
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>Other effects this model can explain: 
>rapid unlearning: initial adaptation is slower (longer time constant) 

than subsequent washout

despite evidence of behavioral extinction [31]. These neural
responses during extinction show that the cells fall into two
classes such that the sum of the contributions of the two
classes adds to zero, while each class predicts a different
pattern of force. The multi-rate model predicts that the
‘‘memory I’’ cells reported by these authors are a reflection of
the slow system; showing strong adaptive responses by the
end of initial training that are maintained during extinction.
In contrast, our model predicts that the ‘‘memory II’’ cells are

a reflection of the fast system, showing little or no adaptive
response by end of initial training but a strong response
during extinction (in order to compensate for the slow
system). Therefore, whether the modules that we see depend
on the cerebellum, motor areas in the cerebral cortex, both,
or even other cortical or subcortical structures, is at this
point unclear.
In fact, the fast and slow adaptive processes that we have

inferred from the data do not necessarily implicate separate

Figure 4. Simulations of Motor Adaptation with the Multi-Rate Model Explain a Variety of Previously Reported Results, Including Rapid Unlearning and
Rapid Downscaling

(A–C) Anterograde interference.
(D–F) Rapid unlearning.
(G–I) Rapid downscaling.
First column (A, D, and G): experiment paradigms. Second column (B, E, and H): Raw simulation results. Blue: initial adaptation. Red, green, and cyan:
secondary adaptation after 30, 60, or 120 trials of the initial adaptation, respectively. Third column (C, F, and I): Comparison of adaptation rates for initial
and secondary adaptations. Here the learning curves have been shifted so that they all begin at zero and scaled so that the desired performance level is
one. In the anterograde interference paradigm (A–C), the multi-rate model predicts that learning the opposite force field proceeds with a slower time
constant than initial learning; furthermore, this time constant gets even slower when number of trials in the initial learning block is increased. The multi-
rate model predicts that unlearning proceeds with a faster time constant than initial learning (E–F) and the time constant for downscaling is faster still
(H–I); however, the time constant for unlearning or downscaling returns to baseline when the number of trials in the initial learning block is increased. In
summary, the multi-rate model simultaneously explains the effects of anterograde interference, rapid unlearning, and rapid downscaling. Furthermore
this model predicts that anterograde interference will get stronger as the length of the initial adaptation period increases, but that rapid unlearning and
rapid downscaling will get weaker as the length of the initial adaptation period increases.
DOI: 10.1371/journal.pbio.0040179.g004
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>Other effects this model can explain: 
>rapid downscaling: initial adaptation is slower (longer time 

constant) than subsequent adaptation to a scaled-down version of 
the initial perturbation

despite evidence of behavioral extinction [31]. These neural
responses during extinction show that the cells fall into two
classes such that the sum of the contributions of the two
classes adds to zero, while each class predicts a different
pattern of force. The multi-rate model predicts that the
‘‘memory I’’ cells reported by these authors are a reflection of
the slow system; showing strong adaptive responses by the
end of initial training that are maintained during extinction.
In contrast, our model predicts that the ‘‘memory II’’ cells are

a reflection of the fast system, showing little or no adaptive
response by end of initial training but a strong response
during extinction (in order to compensate for the slow
system). Therefore, whether the modules that we see depend
on the cerebellum, motor areas in the cerebral cortex, both,
or even other cortical or subcortical structures, is at this
point unclear.
In fact, the fast and slow adaptive processes that we have

inferred from the data do not necessarily implicate separate

Figure 4. Simulations of Motor Adaptation with the Multi-Rate Model Explain a Variety of Previously Reported Results, Including Rapid Unlearning and
Rapid Downscaling

(A–C) Anterograde interference.
(D–F) Rapid unlearning.
(G–I) Rapid downscaling.
First column (A, D, and G): experiment paradigms. Second column (B, E, and H): Raw simulation results. Blue: initial adaptation. Red, green, and cyan:
secondary adaptation after 30, 60, or 120 trials of the initial adaptation, respectively. Third column (C, F, and I): Comparison of adaptation rates for initial
and secondary adaptations. Here the learning curves have been shifted so that they all begin at zero and scaled so that the desired performance level is
one. In the anterograde interference paradigm (A–C), the multi-rate model predicts that learning the opposite force field proceeds with a slower time
constant than initial learning; furthermore, this time constant gets even slower when number of trials in the initial learning block is increased. The multi-
rate model predicts that unlearning proceeds with a faster time constant than initial learning (E–F) and the time constant for downscaling is faster still
(H–I); however, the time constant for unlearning or downscaling returns to baseline when the number of trials in the initial learning block is increased. In
summary, the multi-rate model simultaneously explains the effects of anterograde interference, rapid unlearning, and rapid downscaling. Furthermore
this model predicts that anterograde interference will get stronger as the length of the initial adaptation period increases, but that rapid unlearning and
rapid downscaling will get weaker as the length of the initial adaptation period increases.
DOI: 10.1371/journal.pbio.0040179.g004
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Fig 2. Results. (A)Mean azimuthal errors as a function of trial number for the three magnification conditions (m = 2,m = 1,m = 0.5), together with a model
(eq. 3) with the mean fit parameters of the 13 subjects. Gray background indicates the blocks without visual feedback. (B)Model comparison. Same data as
in A, with a one-process model (θi+1 = A*θi + B * ei) with mean fit parameters. (C) Comparison of the Akaike information Criterion for the two-process model
(AIC2) and one-process model (AIC1). For all subjects, the AIC was lower for the two-process model, indicating that it was a better description of the data. (D)

Visuomotor Adaptation: Forgetting and Retention
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>Other effects this model can explain: 
>adaptation to visuomotor rotation when error feedback is scaled 

(up or down)

van der Kooij et al. (2015) PLoS ONE 10: e0117901
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>Other effects: 
>what if washout block is very long?

Trial number
0 100 200 300 400

D
ire

ct
io

n 
(d

eg
)

0

10

20

30

Perturbation
Net adaptation
Slow state
Fast state

>prediction: no savings! 
>but savings still 

observed (Zarahn et al. (2008)   
J Neurophysiol 100: 2537-2548)

>so two-state model 
fails here!
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>Models developed to explain also savings after long washout block: 
>‘Variations of two-state model’: 
>Single-state varying-parameter model (Zarahn et al. 2008) 
>Parallel one-fast, multiple-slow process model (Lee & 

Schweighofer 2009) 
>Error-dependent learning rate model (Herzfeld et al. 2014) 

>Conceptually very different model: 
>Relevance-estimation model (Berniker & Kording 2011)



Zarahn et al. (2008)
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>Single-state varying-parameter model (Zarahn et al. 2008) 
>Is essentially the single-state model in which A and B are not 

constant, but may vary between phases in an experiment.
x(i +1) = A(i)x(i)+ B(i)e(i)

>unclear what determines the parameter values



Lee & Schweighofer (2009)
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>Problems with the two-state model: 
>cannot explain savings after long washout block 
>cannot account for learning multiple tasks simultaneously 
>unclear whether fast and slow processes are arranged serially or 

in parallel

neural systems, but might even be part of the adaptive
mechanisms of single synapses or single neurons. For
example, the probability of change in a synapse may strongly
depend on its prior history of stimulation, as modeled
recently by Fusi et al. [32] (see simulations of this model in
Supporting Information). Alternatively, a step change in a
stimulus’ properties may produce changes in firing rates of
single cells that are not step-like or single exponential, but
show adaptation with multiple timescales [33].

It is likely that the neural apparatus for motor adaptation
has functional modules with even more than two different
time courses. Here we examined short-term, single-session
motor adaptation, found evidence for two distinct time
courses, and showed that the properties of a simple linear
system with two time courses provides a single, unified
explanation for a wide variety of phenomena in short-term
motor adaptation. The phenomena include savings, ante-
rograde interference, spontaneous recovery, rapid unlearn-
ing, and rapid downscaling. However, studies of memory
consolidation during motor learning suggest that additional
processes with slower, even more gradual time courses may
play important roles during long-term motor learning.
Understanding the interplay between these different pro-
cesses will give us fundamental insights into understanding
motor memory formation.

Materials and Methods

Modeling. We used the learning rules for the single-state, gain-
specific, and multi-rate models shown in the main text along with the
error equations below to iteratively compute the time course of
adaptation for each model in each simulated experiment.

perturbation trials : eðnÞ ¼ f ðnÞ $ xðnÞ
error $ clamp trials : f ðnÞ ¼ xðnÞ?eðnÞ ¼ 0
eðnÞ $ error on trial n
xðnÞ $ adapted motor output on trial n
f ðnÞ $ disturbance on trial n

For the simulations shown in Figures 1 and 2, the model

parameters were arbitrarily set at A ¼ 0.99 and B ¼ 0.013 for the
single-state and gain-specific models; and Af ¼ 0.92, As¼ 0.996, Bf ¼
0.03, and Bs¼0.004 for the multi-rate model. However, the qualitative
results that we describe here do not depend on these particular
parameter values; they hold as long as all parameters are positive, and
Bf is several-fold larger than Bs, and As is several times closer to one
than Af (see Supporting Information for an analysis of the effect
parameter variation for the gain-specific model). Each of the plots
showing washout of savings in Figure 1E display data derived from a
series of 301 simulations. The number of washout trials was varied
from 0 to 300, and the percent savings was computed for each
simulation as the performance improvement on trial 30 of the
relearning block versus trial 30 of the initial learning block.

In Figure 3D we find the parameter values for each model that best
fits the data in a least-squares sense, and we use these parameter
values for the multi-rate model to make the model predictions shown
in Figure 4. To compute the time constants displayed in Figure 4 we
fit the first 50 trials of the simulation results in the primary and
secondary adaptation blocks with a single exponential function and
extracted its time constant. We computed confidence intervals on the
best-fit parameter values by bootstrapping model fits to the data. We
made 1,000 different bootstrap estimates of the data mean, each by
averaging data from 14 randomly generated choices made from the
14-participant data pool with replacement. We fit the model to each
of these bootstrap estimates and used the 2.5 and 97.5 percentile
values of each parameter as the limits of the 95% confidence interval.

Participants. 14 healthy participants (mean age 24) without known
neurological impairment were recruited from the Johns Hopkins
Medical School community. All participants were right handed and
used their dominant hands. All participants gave informed consent
and the experimental protocols were approved by the Johns Hopkins
Institutional Review Board.

Task. We studied a variant of the standard force-field adaptation
paradigm [24]. Briefly, participants held the handle of a two-joint
manipulandum that could move in the horizontal plane. A small
round cursor (3 mm in diameter) indicated the participant’s hand
position and was displayed on a vertically oriented computer monitor
in front of the participant (refresh rate of 75 Hz). They reached to
circular targets 1 cm in diameter that were spaced 10 cm apart. The
manipulandum measured hand position, velocity, and force, and its
motors were used to apply forces to the hand, all at a sampling rate of
200 Hz.

Four trial types were used: null trials, force-channel trials,
clockwise curl-field trials, and counterclockwise curl-field trials. Null
trials were used for initial practice. During these trials the robot
motors were turned off. During force field trials, the motors were
used to produce forces on the hand that were proportional in
magnitude and perpendicular in direction to the velocity of hand
motion. The relationship between force (F) and velocity (V) vectors
was determined by the matrix CA ¼[0 13;-13 0] Ns/m via the
relationship F ¼ CA 3 V. We considered two kinds of fields: a
clockwise curl-field CA and a counterclockwise curl- field CB¼$CA. We
refer to these force fields as field A and field B, respectively. During
force channel trials, the robot motors were used to constrain
movements in a straight line toward the target by effectively
counteracting any motion perpendicular to the target direction.
This was achieved by applying a stiff one-dimensional spring (6 kN/m)
and damper (150 Ns/m) in the axis perpendicular to the target
direction. This error clamp was quite effective. In these trials,
perpendicular displacement from a straight line to the target was
held to less than 0.6 mm and averaged about 0.2 mm in magnitude.

The experiment was divided into short sets of 120 trials, each a
reach to a target (60 reaches in each direction). Sets generally took 5–
7 min to complete. There were two possible target locations 10 cm
apart in the body midline such that odd-numbered trials were
directed toward the body and even numbered trials were away from
it. The force channel was applied on all outward reach trials for the
entire experiment. The inward reach trials were performed under
several different conditions as follows: The first two sets were
performed in the null field with the robot motors disabled. The next
two sets were performed in the first force field. The fifth set consisted
of ten trials in the first force field, followed by 15 trials in the
opposite force field, and then 35 consecutive force channel trials. The
sixth and final set consisted of 60 consecutive force channel trials. In
sets 2–4, nine force-channel trials (about one in seven) were randomly
interspersed among the null or force field trials to measure the
progression of force-field adaptation. The 14 participants were
randomly assigned into two counter-balanced groups of seven, such
that one group, the negative/positive (NP) group, first experienced
the clockwise force field and then experienced the counterclockwise

Figure 5. Two Different Internal Realizations of a Linear, Two-State,
Multi-Rate System

Any input-output behavior achieved by one realization can be
duplicated by the other.
DOI: 10.1371/journal.pbio.0040179.g005
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neural systems, but might even be part of the adaptive
mechanisms of single synapses or single neurons. For
example, the probability of change in a synapse may strongly
depend on its prior history of stimulation, as modeled
recently by Fusi et al. [32] (see simulations of this model in
Supporting Information). Alternatively, a step change in a
stimulus’ properties may produce changes in firing rates of
single cells that are not step-like or single exponential, but
show adaptation with multiple timescales [33].

It is likely that the neural apparatus for motor adaptation
has functional modules with even more than two different
time courses. Here we examined short-term, single-session
motor adaptation, found evidence for two distinct time
courses, and showed that the properties of a simple linear
system with two time courses provides a single, unified
explanation for a wide variety of phenomena in short-term
motor adaptation. The phenomena include savings, ante-
rograde interference, spontaneous recovery, rapid unlearn-
ing, and rapid downscaling. However, studies of memory
consolidation during motor learning suggest that additional
processes with slower, even more gradual time courses may
play important roles during long-term motor learning.
Understanding the interplay between these different pro-
cesses will give us fundamental insights into understanding
motor memory formation.

Materials and Methods

Modeling. We used the learning rules for the single-state, gain-
specific, and multi-rate models shown in the main text along with the
error equations below to iteratively compute the time course of
adaptation for each model in each simulated experiment.

perturbation trials : eðnÞ ¼ f ðnÞ $ xðnÞ
error $ clamp trials : f ðnÞ ¼ xðnÞ?eðnÞ ¼ 0
eðnÞ $ error on trial n
xðnÞ $ adapted motor output on trial n
f ðnÞ $ disturbance on trial n

For the simulations shown in Figures 1 and 2, the model

parameters were arbitrarily set at A ¼ 0.99 and B ¼ 0.013 for the
single-state and gain-specific models; and Af ¼ 0.92, As¼ 0.996, Bf ¼
0.03, and Bs¼0.004 for the multi-rate model. However, the qualitative
results that we describe here do not depend on these particular
parameter values; they hold as long as all parameters are positive, and
Bf is several-fold larger than Bs, and As is several times closer to one
than Af (see Supporting Information for an analysis of the effect
parameter variation for the gain-specific model). Each of the plots
showing washout of savings in Figure 1E display data derived from a
series of 301 simulations. The number of washout trials was varied
from 0 to 300, and the percent savings was computed for each
simulation as the performance improvement on trial 30 of the
relearning block versus trial 30 of the initial learning block.

In Figure 3D we find the parameter values for each model that best
fits the data in a least-squares sense, and we use these parameter
values for the multi-rate model to make the model predictions shown
in Figure 4. To compute the time constants displayed in Figure 4 we
fit the first 50 trials of the simulation results in the primary and
secondary adaptation blocks with a single exponential function and
extracted its time constant. We computed confidence intervals on the
best-fit parameter values by bootstrapping model fits to the data. We
made 1,000 different bootstrap estimates of the data mean, each by
averaging data from 14 randomly generated choices made from the
14-participant data pool with replacement. We fit the model to each
of these bootstrap estimates and used the 2.5 and 97.5 percentile
values of each parameter as the limits of the 95% confidence interval.

Participants. 14 healthy participants (mean age 24) without known
neurological impairment were recruited from the Johns Hopkins
Medical School community. All participants were right handed and
used their dominant hands. All participants gave informed consent
and the experimental protocols were approved by the Johns Hopkins
Institutional Review Board.

Task. We studied a variant of the standard force-field adaptation
paradigm [24]. Briefly, participants held the handle of a two-joint
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manipulandum measured hand position, velocity, and force, and its
motors were used to apply forces to the hand, all at a sampling rate of
200 Hz.

Four trial types were used: null trials, force-channel trials,
clockwise curl-field trials, and counterclockwise curl-field trials. Null
trials were used for initial practice. During these trials the robot
motors were turned off. During force field trials, the motors were
used to produce forces on the hand that were proportional in
magnitude and perpendicular in direction to the velocity of hand
motion. The relationship between force (F) and velocity (V) vectors
was determined by the matrix CA ¼[0 13;-13 0] Ns/m via the
relationship F ¼ CA 3 V. We considered two kinds of fields: a
clockwise curl-field CA and a counterclockwise curl- field CB¼$CA. We
refer to these force fields as field A and field B, respectively. During
force channel trials, the robot motors were used to constrain
movements in a straight line toward the target by effectively
counteracting any motion perpendicular to the target direction.
This was achieved by applying a stiff one-dimensional spring (6 kN/m)
and damper (150 Ns/m) in the axis perpendicular to the target
direction. This error clamp was quite effective. In these trials,
perpendicular displacement from a straight line to the target was
held to less than 0.6 mm and averaged about 0.2 mm in magnitude.

The experiment was divided into short sets of 120 trials, each a
reach to a target (60 reaches in each direction). Sets generally took 5–
7 min to complete. There were two possible target locations 10 cm
apart in the body midline such that odd-numbered trials were
directed toward the body and even numbered trials were away from
it. The force channel was applied on all outward reach trials for the
entire experiment. The inward reach trials were performed under
several different conditions as follows: The first two sets were
performed in the null field with the robot motors disabled. The next
two sets were performed in the first force field. The fifth set consisted
of ten trials in the first force field, followed by 15 trials in the
opposite force field, and then 35 consecutive force channel trials. The
sixth and final set consisted of 60 consecutive force channel trials. In
sets 2–4, nine force-channel trials (about one in seven) were randomly
interspersed among the null or force field trials to measure the
progression of force-field adaptation. The 14 participants were
randomly assigned into two counter-balanced groups of seven, such
that one group, the negative/positive (NP) group, first experienced
the clockwise force field and then experienced the counterclockwise
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Any input-output behavior achieved by one realization can be
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>Lee & Schweighofer (2009) considered various possibilities: 
>are there fast and slow timescales, or just a single one? 
>is there one state or more than one for each time scale? 
>multiple states could account for learning multiple tasks 

simultaneously, with the state determined by the context 
>are the fast and slow states arranged serially or in parallel?



Materials and Methods
Twelve right-handed healthy subjects (seven men, five women, 23–33
years of age) signed an informed consent to participate in the study,
which was approved by the local Institutional Review Board. Subjects sat
in front of a liquid crystal display monitor and held a joystick. At each
trial, subjects moved a cursor to a target by using the joystick. At the
beginning of a trial, a cursor appeared at the center position. Two seconds
later, a target appeared at one of four positions of the screen (top, right,
left, and bottom) 15 cm from the center, and the cursor disappeared.
Subjects had 2 s to move the cursor to the target without visual feedback
of the cursor trajectory. To provide feedback of performance, the cur-
sor then appeared again for 1 s at a position 15 cm from the center
along the direction of the final cursor position. Intertrial intervals
were varied randomly from 2 to 14 s. At each trial, we measured the
directional error between the target direction and the final cursor
direction from the initial cursor position. When subjects did not
move within 2 s in a trial, the trial was regarded as a missed trial, and
the next trial started.

In the training session, we altered the mapping between the joystick
and cursor directions using four different visuomotor rotations
(Krakauer et al., 1999, 2005; Wigmore et al., 2002; Miall et al., 2004;
Hinder et al., 2007; Seidler and Noll, 2008): 25° (task A), !25° (task B),
!50° (task C), and 50° (task D). For subjects to distinguish between the
different tasks, we used target positions as a contextual cue: targets for
each of four visuomotor rotation tasks appeared at one of four different
positions (top, right, left, and bottom). The cue positions were counter-
balanced across subjects. In the first 100 trials of the training session,
subjects practiced tasks A and B in a massed schedule, which consisted of
three consecutive blocks of 50 trials of task A, 25 trials of task B, and 25
trials of task A. In the second 100 trials of the training session, subjects
practiced tasks C and D in a pseudorandom schedule: in every two-trial
block, one of two tasks was chosen randomly and presented followed by
the other task.

In our experiment, we used the A–B–A paradigm as a massed schedule
in the first half of the training session for two reasons. First, such a
paradigm has been widely used in previous motor adaptation studies
(Brashers-Krug et al., 1996; Miall et al., 2004; Krakauer et al., 2005).

Second, it is the simplest schedule that allowed us to estimate model
parameters reliably with small confidence intervals (see Fig. 6).

Before the training session, subjects performed 200 trials of a baseline
session, in which there was no rotation and targets appeared at the four
positions in a pseudorandom order.

Candidate models. We searched for the most parsimonious model that
can simultaneously account for all the following motor adaptation data:
savings, spontaneous recovery, anterograde interference, and dual adap-
tation in both blocked and random schedules. We modeled motor adap-
tation via the summation of the multiple internal states, each modeled
with a linear differential equation (see below) with a learning term and a
forgetting term (Smith et al., 2006). We studied all possible models with
either a serial or a parallel organization of the fast and slow processes, in
which each process contains either a single state or multiple states. Fur-
thermore, although previous experiments and modeling studies are con-
sistent with the idea that motor adaptation occurs at multiple timescales
rather than at a single timescale (Kojima et al., 2004; Hatada et al., 2006;
Smith et al., 2006; Kording et al., 2007; Criscimagna-Hemminger and
Shadmehr, 2008; Ethier et al., 2008), we also studied models with a single
process with either a single state or multiple parallel states for the com-
pleteness of comparisons.

Such systematic search led to 10 different possible models (Fig. 1): (1)
a 1-state model, (2) a serial 1-fast–1-slow (1-fast 1-slow) model, (3) a
parallel 1-fast 1-slow model, (4) a parallel n-state model, (5) a serial n-fast
n-slow model, (6) a parallel n-fast n-slow model, (7) a serial 1-fast n-slow
model, (8) a parallel 1-fast n-slow model, (9) a serial n-fast 1-slow model,
and (10) a parallel n-fast 1-slow model.

The 1-state model and the parallel and serial 1-fast 1-slow models are
identical to those proposed and studied by Smith et al. (2006). For all
other models, we added multiple inner states in either the fast or the slow
process or both. The differential equations for all states within a process
have the same parameters, but the states receive different contextual cue
inputs. As in MOSAIC, the contextual cue input has two roles: it selects
the appropriate state(s) to be summed in the total output, and it
allows the updating of this selected state(s) from motor errors. For-
getting is not gated by the contextual input (see model equations
below). For the sake of simplicity, we make the following assump-

Figure 1. Ten possible motor adaptation models that address the following three questions: (1) Are there slow and fast timescales? (2) Is there one state or more than one for each timescale?
(3) Are the fast and slow processes arranged serially or in parallel?
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>Model with fast and slow timescales and multiple states for each:
x f (i +1) = Afx f (i)+ Bf e(i)c(i)
xs (i +1) = Asxs (i)+ Bse(i)c(i)
x(i) = x f (i)

T c(i)+ xs (i)
T c(i)

>xf  and xs are vectors (containing multiple states) 
>c(i): contextual cue (vector with 0’s and a single 1 for the                                                                                              

relevant state) 
>Only learning for the relevant state and only this state contributes 

to the output; all states forget.
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>They tested these models on existing data and on data from a new 
dual visuomotor adaptation paradigm:

tions: (1) no interference between multiple states, (2) perfect switch-
ing between multiple states, and (3) identical learning and forgetting
rate parameters for all states within a process. Thus, except for the
1-state model and the parallel n-state model, which contain only two
parameters (one forgetting rate A and one learning rate B), all models
contain four parameters: one forgetting rate and one learning rate for
each fast and slow process (Af, Bf, As, and Bs) (model parameters are
given below).

For all models, at each trial n, the motor error input e is determined by
the difference between an external perturbation f and the motor output y
as follows:

e!n" ! f!n" " y!n". (1)

For the 1-state model, the state update equation is simply given by the
following:

y!n" ! x!n" (2)

and

x!n # 1" ! A ! x!n" # B ! e!n", (3)

where x is a learning process with a single state, A is a forgetting rate, and
B is a learning rate.

In the 1-fast 1-slow models, the fast and slow processes have a single
inner state each. The state update rules for the parallel representation of
the 1-fast 1-slow models are thus given by the following (Smith et al.,
2006):

y!n" ! xf(n) # xs(n) (4)

and

xf(n # 1) ! Af ! xf(n) # Bf ! e!n"
(5)

xs(n # 1) ! As ! xs(n) # Bs ! e!n",

where xf and xs are a fast and a slow learning process with a single state,
respectively.

In the parallel n-state model, there is only one process, which has
multiple inner states, as follows:

y!n" ! x(n)T c(n) (6)

and

x(n # 1) ! A ! x(n) # B ! e!n" ! c(n), (7)

where x is a learning process with Ntask internal states and c is the con-
textual cue. These two variables are vectors of length Ntask, equal to the
number of tasks in the experiment. Because we assumed no interference
and perfect switching among internal states in a process, we used a unit
vector for c. For example, for the first task, we used c # (1,0,. . . ,0)T, for
the second task, c # (0,1,. . . ,0)T, and so on.

In the n-fast n-slow models, both the fast and slow processes have
multiple inner states (and thus both receive a contextual cue input). The
state update rules for the parallel representation of the n-fast n-slow
models are thus given by the following:

y(n) # xf(n)T c(n)$xs(n)Tc(n) (8)

and

xf(n # 1) ! Af ! xf(n) # Bf ! e!n" ! c(n)
(9)

xs(n # 1) ! As ! xs(n) # Bs ! e!n" ! c(n),

where xf and xs are fast and slow processes with Ntask internal states.
The parallel 1-fast n-slow model (Fig. 2 A) has a fast and a slow process

organized in parallel, with a single state in the fast process and multiple
states in the slow process. The state update rules for the parallel repre-
sentation for this model are given by the following:

y(n) # xf(n)$xs(n)Tc(n) (10)

and

xf(n # 1) ! Af ! xf(n) # Bf ! e!n"
(11)

xs(n # 1) ! As ! xs(n) # Bs ! e!n" ! c(n).

Similarly, in the parallel n-fast 1-slow models, only the fast process has
multiple inner states. The state update rules for the parallel representa-
tion of the n-fast 1-slow models are as follows:

y(n) # xf(n)T c(n)$xs(n) (12)

and

xf(n # 1) ! Af ! xf(n) # Bf ! e!n" ! c(n)
(13)

xs(n # 1) ! As ! xs(n) # Bs ! e!n".

All serial models are identical to their parallel counterparts except that
the slow process does not receives the motor error input e directly but
receives the output of the fast process xf. For example, the state update
rule of the slow process for the serial representation of the 1-fast n-slow
model is as follows (compare with Eq. 11):

xs(n # 1) ! As ! xs(n) # Bs ! xf(n # 1) ! c(n). (14)

Finally, it should be noted that we attempted to model the common
neuronal mechanism of motor adaptation as in the work of Smith et al.
(2006) or Kording et al. (2007) but not the mechanism of specific type of
motor adaptation. Therefore, our model does not account for the effect
of physiological factors, such as muscle mechanics, limb dynamics, etc.

Simulation parameters. Here, we chose parameters for all models to
reproduce previous experimental results qualitatively. Note, however,
that the simulation results are not limited by these particular parameter
values. These qualitative results are valid across wide ranges of parame-
ters (for details, see supplemental material, available at www.jneurosci.
org). The parameters of the serial models were determined such that
these models behave identically to the corresponding parallel models
in massed schedules (see supplemental material, available at www.
jneurosci.org).

In the simulations of spontaneous recovery (Fig. 3) and anterograde
interference (Fig. 4), we used the parameters given by Smith et al. (2006):
Af # 0.92, As # 0.996, Bf # 0.03, and Bs # 0.004 for the parallel 1-fast
1-slow, n-fast 1-slow, n-fast n-slow, and 1-fast n-slow models. For the
serial 1-fast 1-slow, n-fast 1-slow, n-fast n-slow, 1-fast n-slow models, we
used the following parameters: Af # 0.92, As # 0.996, Bf # 0.0337, and
Bs # 0.0091. For the 1-process model and parallel n model, we used A #
0.996 and B # 0.004.

In the simulations of intermittent and random dual-adaptation para-
digms (Fig. 5), we chose parameters for all models to qualitatively
reproduce saccadic adaptation results of Shelhamer et al. (2005). We

Figure 2. The two possible architectures of the 1-fast n-slow model: parallel (A) and serial
(B). e is a motor error, c is a contextual cue, and x is a motor output. Multiple boxes in the slow
process represent internal states switched by the contextual cue input.
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terograde interference, and dual adaptation in intermittent and
random schedules. To further differentiate between these two
remaining models, we developed a new hybrid experimental
schedule, in which a massed schedule is followed by a random
schedule. Because the parallel and serial 1-fast n-slow models
account equally well for learning data in massed schedules (Smith
et al., 2006) but adapt at different rates in random schedules (Fig.
5B), we estimated the parameters of the two models in the initial

massed schedule and then compared the
model predictions to actual data in the
following random schedule.

We estimated the parameters of the
parallel and serial models by fitting the
models to the average data of 12 subjects
in the massed schedule and obtained 95%
confidence intervals of the parameters us-
ing the bootstrap t method (DiCiccio and
Efron, 1996) (see Materials and Methods
for details). Figure 6 shows the average
data of 12 subjects and model predictions
of both the parallel and the serial models
in the hybrid schedule. As expected, dur-
ing the massed schedule, the models be-
have almost identically and give a good fit
to the data. In the random schedule, how-
ever, the model predictions of perfor-
mance differ: the serial model predicts
slower learning for the two tasks, whereas
in contrast, the parallel model predicts
faster learning. As we can see in Figure 6,
such faster learning by the parallel model
appears to better match actual data from
our subjects.

To verify that the parallel 1-fast n-slow
model predicted the data in the random
schedule better than the serial 1-fast
n-slow model, we compared the MSEs in
the random schedule between the data
and the predictions of the parallel and the
serial models, respectively. The parallel
model shows significantly smaller MSEs
[MSE (95% confidence intervals) ! 89.05
(38.1"226.6)] than the serial model
[MSEs 1007.43 (196.9"2012.9)] (boot-
strap t test; p ! 0.0001; see Materials and
Methods for details). Given this result, we
henceforth consider only the parallel
1-slow n-fast model and not the serial
1-slow n-fast model.

Comparison with time-varying-
parameter model in savings in
relearning experiment
The two-state models cannot explain
savings during relearning in the wash-
out paradigm, in which a large number
of washout trials (i.e., trials with zero per-
turbation) are inserted between the initial
learning phase and the relearning phase
(Zarahn et al., 2008). A recent time-
varying-parameter two-state model with
different decaying and learning rates dur-
ing the different perturbation conditions

accounts for the changes in relearning speed (Zarahn et al., 2008).
To test whether the parallel 1-fast n-slow model can reproduce

such data, we performed the simulation of the washout paradigm
and compared the predictions of the following three models: (1)
the two-state (parallel) model, (2) the varying-parameter (paral-
lel) model with two states, and (3) the parallel 1-fast 1-slow
model. The two-state model cannot reproduce savings (Zarahn et

Figure 5. Simulations of two dual-adaptation experiments for the remaining six models considered: serial and parallel 1-fast
1-slow models, serial and parallel n-fast 1-slow models, and serial and parallel 1-fast n-slow models. The parallel and serial models
are superimposed in all panels. A, B, Intermittent alternation of two tasks (A) and random alternation between two tasks (B). For
each model, the same parameters are used in A and B. Only the serial and parallel 1-fast n-slow models can reproduce dual
adaptations in both intermitted and random conditions. Note that the parallel and serial 1-fast n-slow models behave identically
in A but differently in B: the parallel 1-fast n-slow model shows faster adaptation rates than the serial 1-fast n-slow model in
random dual adaptation.

Figure 6. Average performance data across subjects during learning (black dots) and predictions of serial (red stars) and parallel
(blue crosses) 1-fast n-slow models. Red- and blue-shaded areas show the ranges of #SEs of the serial and parallel model
predictions, respectively. Model parameter estimation was performed using the data in the massed schedules. The models were
then used to predict the data in the random schedules. Both models fitted subject data well during the A–B–A massed schedule.
However, during the random schedule, the parallel model predicted the data better than the serial model, as shown by smaller MSE
between the data and the parallel model predictions compared with the MSE between the data and the serial model predictions
( p ! 0.0001). The estimated parameters (with 95% confidence intervals) are as follows: for the parallel model, Af ! 0.8251
(0.6338 – 0.9767), As ! 0.9901 (0.9876 – 0.9986), Bf ! 0.3096 (0.1585– 0.5118), and Bs ! 0.2147 (0.0582– 0.2729); for the
serial model, Af ! 0.8749 (0.7082– 0.9643), As ! 0.9917 (0.9894 – 0.9984), Bf ! 0.4831 (0.2923– 0.6655), and Bs ! 0.0456
(0.0077– 0.1178).
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>Savings after long washout block
al., 2008), but both the time-varying-
parameter models and our parallel 1-fast
n-slow model can account for savings,
with only minute differences between pre-
dictions of both models (Fig. 7). Thus, the
parallel 1-fast n-slow model explains sav-
ings during relearning after washout,
without the need for extra parameters and
metalearning process, but at the expense
of multiple parallel states, however.

Discussion
We first showed in simulation that both a
parallel model and a serial model with one
fast process with one state and one slow
process with multiple states can repro-
duce previous single-adaptation data of
spontaneous recovery, anterograde inter-
ference, and dual-adaptation data in both
intermittent and random schedules. Then,
using an experimental dual-adaptation
paradigm, we showed that only a model
architecture in which the fast process with
one state and the slow process with multi-
ple states are arranged in parallel provides
a parsimonious explanation for our data.
This model furthermore accounts for de-
tailed characteristics of savings in relearn-
ing data. Our combined simulation and
experimental analysis thus supports the view that human motor
memory has the following three characteristics during motor ad-
aptation: (1) It contains a single fast-learning–fast-forgetting
process. (2) It contains a slow process with multiple slow-
learning–slow-forgetting states, all with the same learning rates
and the same forgetting rates; these states are switched with con-
textual cues. (3) The two processes are arranged in parallel and
compete for errors during motor adaptation.

Our model, unlike any previous models, can reproduce all of
the following adaptation data: savings, anterograde interference,
spontaneous recovery, and dual-motor adaptation in both inter-
mittent and random schedules. Because the fast process in our
model contains only a single state, the model can account for in-
terferences between different tasks in the experimental para-
digms of savings (Kojima et al., 2004), anterograde interference
(Miall et al., 2004), and spontaneous recovery (Smith et al.,
2006). In all these cases, interferences were observed strongly at
the beginning of task alternations (Tong et al., 2002; Miall et al.,
2004; Imamizu et al., 2007), when the fast process is the most
active. In contrast, because of the lack of context-independent
process, the two n-fast n-slow models and the parallel n-state model
cannot reproduce such data. Because the slow process in our
model contains multiple states switched via a contextual cue in-
put, our model explains dual or multiple motor adaptations
(Shelhamer et al., 2005; Nozaki et al., 2006; Imamizu et al., 2007;
Choi et al., 2008; Howard et al., 2008): during learning of differ-
ent tasks, a separate state stores the learning for each task. Thus,
in our model, as has been recently reported in humans (Criscimagna-
Hemminger and Shadmehr, 2008), learning a new task does
not alter the memory of a previously learned task but produces
a new memory. In contrast, because of the lack of context-
dependent multiple states, two-state models cannot account
for dual adaptation, because introducing a new task causes the
other task to become unlearned.

Our multistate models can also differentiate between serial
and parallel organization of the fast and slow processes, because
of the nonlinearity in the slow process arising from multiplying
the motor error input by the contextual input (Fig. 2 and Eq. 11 in
Materials and Methods). When the contextual input changes fre-
quently, as it does in random schedules, this nonlinearity in the
slow process makes the parallel model learn differently from
the serial model. Based on such different learning predictions
of parallel and serial models in the random schedule, we found
that our experimental data were better supported by a parallel
architecture.

To explain savings in relearning data after a variable number
of washout trials, varying-parameter models (Zarahn et al., 2008)
require continuous adaptation of the parameters [i.e., metalearn-
ing (Schweighofer and Doya, 2003)]. Instead, our parallel 1-fast
n-slow model uses multiple states in a slow process and can re-
produce savings in a washout paradigm only with four free pa-
rameters. During washout trials, the net model output returns
close to the initial, nonadapted condition because the fast process
returns to the initial state and the slow process is switched to the
no-perturbation state based on the given context. In the re-
learning condition, the slow process corresponding to this
perturbation switched back to the previously adapted state,
allowing savings. Because both our model and the varying-
parameter model of Zarahn et al. (2008) reproduce these sav-
ings in relearning data equally well, more-detailed analyses
with yet-to-be-devised experimental protocols are needed to dif-
ferentiate between models. Note, however, that multiple learning
and forgetting rates are needed to explain adaptation in situations
that we did not consider here—adaptation at largely different
timescales such as changing dynamics caused by aging (Kording
et al., 2007) and adaptation after a consolidation (rest) phase
(Fusi et al., 2007; Criscimagna-Hemminger and Shadmehr,
2008).

Figure 7. Simulation of the washout paradigm with the two-state model, the varying-parameter model, and the parallel 1-fast
n-slow model. A, Schedule of the washout paradigm, which consists of 10 null trials, 80 learning trials, 40 washout trials, and 30
relearning trials. In learning and relearning trials, there was 45° of disturbance, and in null and washout trials, no disturbance.
B, Model predictions of errors in the relearning-after-washout paradigm. We used the same parameters as Zarahn et al. (2008) for
the varying-parameter model and two-state model and chose parameters for the parallel 1-fast 1-slow model to reproduce the
results of the varying-parameter model. C, Comparison of model predictions during the initial learning and relearning. First 30 trials
in learning and relearning trials are superimposed. The error traces of the two-state model in learning and relearning trials are
identical and cannot reproduce savings after washout trials. In contrast, the parallel 1-fast n-slow model can predict savings after
washout trials with fewer parameters than the varying-parameter model.
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x̂(i +1) = ax̂(i)+η(i)e(i)

x̂(i) Subject's belief of perturbation x in movement i
a Retention factor (A in other models)
η(i) Error sensitivity in movement i (learning rate B in other models)
e(i) Error in movement i
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>Main equation for learning (and forgetting):

>Models considered so far: learning rate is a constant 
>However, brain learns relatively more from small errors than 

from large errors (Wei & Körding (2009) J Neurophysiol 101: 655-64; Marko et al. (2012) J 
Neurophysiol 108: 1752-1763)

>Learning rate/error sensitivity may therefore not be a constant.
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>Herzfeld et al. (2014) found in several experiments that error 
sensitivity can vary over time, as a function of the probability z that 
a perturbation will remain the same:

(P < 0.001). As the statistics of the perturbation
changed, so did the error sensitivity.
We measured learning from error as a function

of error in each environment (Fig. 2D). A given
error produced greater learning when that error
was experienced in a slowly switching environ-
ment (Fig. 2D, red line) (RM-ANOVAmain effects
of error size P < 10−4, and environment P < 0.001,
posthoc between slow versus medium or fast, P <
0.001). We quantified error sensitivity at each er-
ror size (Fig. 2E) and found that error sensitivity
had not changed globally, but had changed pre-
dominantly for smaller error sizes. RM-ANOVA of
the absolute sensitivities between 0.25 and 2 cm
showed a significant main effect of environment
(P < 10−4), as well as a significant environment by
error size interaction (P < 0.05). We found a sig-
nificant difference in error sensitivity across envi-
ronments for an error size of 0.25 cm (P < 0.05),
but no significant difference for an error size
of 2 cm (P > 0.1). Interestingly, the small error
sizes for which the participants had shown
the largest change in error sensitivity were also
the most frequent errors (Fig. 2F). This hinted
that control of error sensitivity was a function
of error.
Current models of sensorimotor learning as-

sume that error sensitivity hðnÞ is independent
of error eðnÞ. This is true for state-space models
of learning (18, 21–24), as well as Kalman filter
models of learning (5, 25–27). However, suppose
that sensory prediction errors are encoded in
the nervous system with a set of basis elements,
where each basis element gi has a preferred er-
ror e⌣i. Further, suppose that error sensitivity is
determined by a population coding

hðeðnÞÞ ¼ ∑
i
wigiðeðnÞÞ

giðeðnÞÞ ¼ exp
−ðeðnÞ − e⌣iÞ2

2s2

ð2Þ

On trial n − 1, the motor command uðn−1Þ

produces an error eðn−1Þ, as illustrated in the
top part of Fig. 3A. The nervous system learns
from this error and produces motor command
uðnÞ on the subsequent trial, resulting in eðnÞ. In a
slowly switching environment (top part of Fig.
3A), eðnÞ has the same sign as eðn−1Þ. In this case,
error sensitivity should increase around eðn−1Þ

(Fig. 3B, red line). By contrast, in a rapidly switch-
ing environment (Fig. 3A, bottom), eðnÞ has a
different sign than eðn−1Þ. In this case, error sen-
sitivity should decrease

wðnþ1Þ ¼ wðnÞ þ bsignðeðn−1ÞeðnÞÞ gðeðn−1ÞÞ
gT ðeðn−1ÞÞgðeðn−1ÞÞ

ð3Þ

In Eq. (3), w ¼ ½w1 w2 ⋯ wN &T , g ¼
½ g1 g2 ⋯ gN &T , and superscript T is the
transpose operator. This rule is similar to the
RPROP algorithm, a heuristic for adjusting
the learning rate of machines (28), but has the
unique feature of assuming that error sensitivity
is via population coding of the error space.
Equations 1 to 3 represent a learner that stores

two kinds of memory: a memory of the state of
environment (x^, Eq. 1) and a memory of errors
(w, Eq. 3). We simulated the model (Fig. 3C, gray
line) and found that in the slowly switching envi-
ronment, error sensitivity increased in the neigh-
borhood of the experienced errors, whereas in the

rapidly changing environment, error sensitivity
decreased (Fig. 3D).
Our model made a critical prediction: If the

brain controlled error sensitivity via memory of
errors, then it should be possible to simultaneously
increase sensitivity for one error, while decreas-
ing it for another. In experiment 3, we considered
an isometric task in which participants (n = 16)
produced a force to match a target (16 N) in the
face of a perturbation. The perturbations were
designed so that, according to our model, indi-
viduals would increase their sensitivity to –4 N
errors, while simultaneously decreasing their
sensitivity to +8 N errors.
In the baseline block, we probed sensitivity to

+8 N and –4 N perturbations (probe 1, Fig. 3E).
The resulting learning from error is plotted in
Fig. 3F (probe 1). At baseline, participants re-
sponded to the +8 N and –4 N perturbations
by learning a fraction of each error (Fig. 3F).
We next produced 20 repetitions of a rapidly
switching environment in which the perturba-
tions were T8 N (Fig. 3E, inset). After a period of
washout, we then produced 15 repetitions of a
slowly switching environment in which the per-
turbations were 0 N or +4 N. The critical aspect
of our design was that the participants were never
exposed to a –4 N perturbation. They neverthe-
less experienced –4 N errors (because removal of a
learned +4 N perturbation results in a –4 N error).
The 8 N environment induced a decrease in

sensitivity to a +8 N error, and subsequent exposure
to the +4 N environment resulted in an increase in
sensitivity to a –4 N error [Fig. 3G; RM-ANOVA
showed a significant main effect of perturbation
(P < 0.03) as well as a perturbation by block
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Fig. 2. Error sensitivity is a local function of experienced errors. (A) Paradigm with visuomotor gain perturbations. (B) Perturbation schedule.
Dashed lines indicate changes in the statistics of the environment. (C) Error sensitivity averaged over all error sizes measured over each environment
block. (D) Learning from error measured at various error sizes. (E) Error sensitivity as a function of error magnitude. (F) Probability of error.
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environment in which the perturbations switch
(Fig. 1A). In a slowly switching environment, the
brain should learn from error because the pertur-
bations are likely to persist (learning from error
in one trial will improve performance on the sub-
sequent trial). However, in a rapidly switching
environment, the brain should suppress learning
from error because any learning will be detri-
mental to performance on subsequent trials.
Three groups of volunteers (n = 9 per group)

made reaching movements while experiencing
force perturbations from either a slow, medium,
or rapidly switching environment (Fig. 1A). The
mean of the perturbations was zero for all blocks
(consisting of 30 trials). We measured error in a
given trial and then computed the amount that
was learned from that error (probe trials, purple
bars, Fig. 1A). To quantify learning from error on
trial n, we measured the change in force from the
trial before to the trial after the perturbation,
f ðnþ1ÞðtÞ − f ðn−1ÞðtÞ (Fig. 1C). In block 1, learning
from error was similar in the three groups (P > 0.99),

and in all probe trials the perturbation produced
similar errors [Fig. 1B; repeated measure–analysis
of variance (RM-ANOVA), effect of group P > 0.8,
interaction, P > 0.7]. However, individuals who
experienced the slowly switching environment
increased their learning from error (Fig. 1C), where-
as those who experienced the rapidly switching
environment suppressed this learning.
We measured the force produced on a given trial

and computed a coefficient representing percent
ideal (Fig. 1D). RM-ANOVA indicated a significant
block by group interaction (P < 0.05), suggesting
that the history of perturbations altered the amount
of learning from error. Posthoc tests showed that
in the slowly switching environment, participants
learned more from error than in the rapidly switch-
ing environment (P < 0.03). This change in error
sensitivity developed gradually with training (Fig.
1D). The slowly switching environment induced
an increase in error sensitivity (Fig. 1E; changes
in sensitivity from the first half to second half of
the experiment, ANOVA, P < 0.05).

Is control of error sensitivity local to the ex-
perienced errors? In experiment 2, participants
performed rapid out-and-back movements for
which no visual feedback was available during
the outward part of the reach, with the aim of
hitting a target at the turn-around point of their
movement. An occasional perturbation altered
the feedback regarding hand position at the turn-
around point (Fig. 2A). We measured the relation
between error eðnÞ and learning from error
(change in reach extent).
Group 1 (n = 10) experienced a perturbation

schedule that transitioned from slow, medium,
to rapid switching (Fig. 2B), whereas group 2
(n = 10) experienced the reverse. In group 1, error
sensitivity decreased, whereas in group 2, error
sensitivity increased (Fig. 2C). We measured
the mean error sensitivity in each environment,
resulting in three measurements for each subject
across the experiment. RM-ANOVA showed a
significant main effect of group (P < 0.005) and
block (P < 0.001) and group-by-block interaction
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Fig. 1. History of error alters error sensitivity. (A) Reaching paradigm with
force-field perturbations. The yellow circles note a perturbations state, and z
indicates probability of remaining in that state. The slow, medium, and rapidly
switching environments are shown. One group of volunteers was trained in
each environment. We measured error sensitivity through probe trials in
which participants experienced a constant perturbation, sandwiched between two
error-clamp trials. (B) Movement trajectories in the perturbation trial of the probe
trials. Trajectories were averaged over five successive presentations of the probe.
The errors in probe trials did not differ between groups. (C) Learning from error
in the probe trials, measured as the change in force from the trial prior to the
trial after the perturbation. (D) Learning from error in the probe trials, plotted
as a percentage of the ideal force (left). Error sensitivity h was measured as the
trial-to-trial change in the percentage of ideal force divided by error (right). (E)
Change in error sensitivity between the baseline block and the last five error-
clamp triplets. Data are mean T SEM.
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>Error sensitivity decreases when perturbation is likely to change.
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>Error sensitivity also changed as a function of the error size:

Herzfeld et al. (2014) Science 345: 1349-1353

>Error sensitivity changed most for errors that had been experienced 
most.

(P < 0.001). As the statistics of the perturbation
changed, so did the error sensitivity.
We measured learning from error as a function

of error in each environment (Fig. 2D). A given
error produced greater learning when that error
was experienced in a slowly switching environ-
ment (Fig. 2D, red line) (RM-ANOVAmain effects
of error size P < 10−4, and environment P < 0.001,
posthoc between slow versus medium or fast, P <
0.001). We quantified error sensitivity at each er-
ror size (Fig. 2E) and found that error sensitivity
had not changed globally, but had changed pre-
dominantly for smaller error sizes. RM-ANOVA of
the absolute sensitivities between 0.25 and 2 cm
showed a significant main effect of environment
(P < 10−4), as well as a significant environment by
error size interaction (P < 0.05). We found a sig-
nificant difference in error sensitivity across envi-
ronments for an error size of 0.25 cm (P < 0.05),
but no significant difference for an error size
of 2 cm (P > 0.1). Interestingly, the small error
sizes for which the participants had shown
the largest change in error sensitivity were also
the most frequent errors (Fig. 2F). This hinted
that control of error sensitivity was a function
of error.
Current models of sensorimotor learning as-

sume that error sensitivity hðnÞ is independent
of error eðnÞ. This is true for state-space models
of learning (18, 21–24), as well as Kalman filter
models of learning (5, 25–27). However, suppose
that sensory prediction errors are encoded in
the nervous system with a set of basis elements,
where each basis element gi has a preferred er-
ror e⌣i. Further, suppose that error sensitivity is
determined by a population coding

hðeðnÞÞ ¼ ∑
i
wigiðeðnÞÞ

giðeðnÞÞ ¼ exp
−ðeðnÞ − e⌣iÞ2

2s2

ð2Þ

On trial n − 1, the motor command uðn−1Þ

produces an error eðn−1Þ, as illustrated in the
top part of Fig. 3A. The nervous system learns
from this error and produces motor command
uðnÞ on the subsequent trial, resulting in eðnÞ. In a
slowly switching environment (top part of Fig.
3A), eðnÞ has the same sign as eðn−1Þ. In this case,
error sensitivity should increase around eðn−1Þ

(Fig. 3B, red line). By contrast, in a rapidly switch-
ing environment (Fig. 3A, bottom), eðnÞ has a
different sign than eðn−1Þ. In this case, error sen-
sitivity should decrease

wðnþ1Þ ¼ wðnÞ þ bsignðeðn−1ÞeðnÞÞ gðeðn−1ÞÞ
gT ðeðn−1ÞÞgðeðn−1ÞÞ

ð3Þ

In Eq. (3), w ¼ ½w1 w2 ⋯ wN &T , g ¼
½ g1 g2 ⋯ gN &T , and superscript T is the
transpose operator. This rule is similar to the
RPROP algorithm, a heuristic for adjusting
the learning rate of machines (28), but has the
unique feature of assuming that error sensitivity
is via population coding of the error space.
Equations 1 to 3 represent a learner that stores

two kinds of memory: a memory of the state of
environment (x^, Eq. 1) and a memory of errors
(w, Eq. 3). We simulated the model (Fig. 3C, gray
line) and found that in the slowly switching envi-
ronment, error sensitivity increased in the neigh-
borhood of the experienced errors, whereas in the

rapidly changing environment, error sensitivity
decreased (Fig. 3D).
Our model made a critical prediction: If the

brain controlled error sensitivity via memory of
errors, then it should be possible to simultaneously
increase sensitivity for one error, while decreas-
ing it for another. In experiment 3, we considered
an isometric task in which participants (n = 16)
produced a force to match a target (16 N) in the
face of a perturbation. The perturbations were
designed so that, according to our model, indi-
viduals would increase their sensitivity to –4 N
errors, while simultaneously decreasing their
sensitivity to +8 N errors.
In the baseline block, we probed sensitivity to

+8 N and –4 N perturbations (probe 1, Fig. 3E).
The resulting learning from error is plotted in
Fig. 3F (probe 1). At baseline, participants re-
sponded to the +8 N and –4 N perturbations
by learning a fraction of each error (Fig. 3F).
We next produced 20 repetitions of a rapidly
switching environment in which the perturba-
tions were T8 N (Fig. 3E, inset). After a period of
washout, we then produced 15 repetitions of a
slowly switching environment in which the per-
turbations were 0 N or +4 N. The critical aspect
of our design was that the participants were never
exposed to a –4 N perturbation. They neverthe-
less experienced –4 N errors (because removal of a
learned +4 N perturbation results in a –4 N error).
The 8 N environment induced a decrease in

sensitivity to a +8 N error, and subsequent exposure
to the +4 N environment resulted in an increase in
sensitivity to a –4 N error [Fig. 3G; RM-ANOVA
showed a significant main effect of perturbation
(P < 0.03) as well as a perturbation by block
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Fig. 2. Error sensitivity is a local function of experienced errors. (A) Paradigm with visuomotor gain perturbations. (B) Perturbation schedule.
Dashed lines indicate changes in the statistics of the environment. (C) Error sensitivity averaged over all error sizes measured over each environment
block. (D) Learning from error measured at various error sizes. (E) Error sensitivity as a function of error magnitude. (F) Probability of error.
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(P < 0.001). As the statistics of the perturbation
changed, so did the error sensitivity.
We measured learning from error as a function

of error in each environment (Fig. 2D). A given
error produced greater learning when that error
was experienced in a slowly switching environ-
ment (Fig. 2D, red line) (RM-ANOVAmain effects
of error size P < 10−4, and environment P < 0.001,
posthoc between slow versus medium or fast, P <
0.001). We quantified error sensitivity at each er-
ror size (Fig. 2E) and found that error sensitivity
had not changed globally, but had changed pre-
dominantly for smaller error sizes. RM-ANOVA of
the absolute sensitivities between 0.25 and 2 cm
showed a significant main effect of environment
(P < 10−4), as well as a significant environment by
error size interaction (P < 0.05). We found a sig-
nificant difference in error sensitivity across envi-
ronments for an error size of 0.25 cm (P < 0.05),
but no significant difference for an error size
of 2 cm (P > 0.1). Interestingly, the small error
sizes for which the participants had shown
the largest change in error sensitivity were also
the most frequent errors (Fig. 2F). This hinted
that control of error sensitivity was a function
of error.
Current models of sensorimotor learning as-

sume that error sensitivity hðnÞ is independent
of error eðnÞ. This is true for state-space models
of learning (18, 21–24), as well as Kalman filter
models of learning (5, 25–27). However, suppose
that sensory prediction errors are encoded in
the nervous system with a set of basis elements,
where each basis element gi has a preferred er-
ror e⌣i. Further, suppose that error sensitivity is
determined by a population coding

hðeðnÞÞ ¼ ∑
i
wigiðeðnÞÞ

giðeðnÞÞ ¼ exp
−ðeðnÞ − e⌣iÞ2

2s2

ð2Þ

On trial n − 1, the motor command uðn−1Þ

produces an error eðn−1Þ, as illustrated in the
top part of Fig. 3A. The nervous system learns
from this error and produces motor command
uðnÞ on the subsequent trial, resulting in eðnÞ. In a
slowly switching environment (top part of Fig.
3A), eðnÞ has the same sign as eðn−1Þ. In this case,
error sensitivity should increase around eðn−1Þ

(Fig. 3B, red line). By contrast, in a rapidly switch-
ing environment (Fig. 3A, bottom), eðnÞ has a
different sign than eðn−1Þ. In this case, error sen-
sitivity should decrease

wðnþ1Þ ¼ wðnÞ þ bsignðeðn−1ÞeðnÞÞ gðeðn−1ÞÞ
gT ðeðn−1ÞÞgðeðn−1ÞÞ

ð3Þ

In Eq. (3), w ¼ ½w1 w2 ⋯ wN &T , g ¼
½ g1 g2 ⋯ gN &T , and superscript T is the
transpose operator. This rule is similar to the
RPROP algorithm, a heuristic for adjusting
the learning rate of machines (28), but has the
unique feature of assuming that error sensitivity
is via population coding of the error space.
Equations 1 to 3 represent a learner that stores

two kinds of memory: a memory of the state of
environment (x^, Eq. 1) and a memory of errors
(w, Eq. 3). We simulated the model (Fig. 3C, gray
line) and found that in the slowly switching envi-
ronment, error sensitivity increased in the neigh-
borhood of the experienced errors, whereas in the

rapidly changing environment, error sensitivity
decreased (Fig. 3D).
Our model made a critical prediction: If the

brain controlled error sensitivity via memory of
errors, then it should be possible to simultaneously
increase sensitivity for one error, while decreas-
ing it for another. In experiment 3, we considered
an isometric task in which participants (n = 16)
produced a force to match a target (16 N) in the
face of a perturbation. The perturbations were
designed so that, according to our model, indi-
viduals would increase their sensitivity to –4 N
errors, while simultaneously decreasing their
sensitivity to +8 N errors.
In the baseline block, we probed sensitivity to

+8 N and –4 N perturbations (probe 1, Fig. 3E).
The resulting learning from error is plotted in
Fig. 3F (probe 1). At baseline, participants re-
sponded to the +8 N and –4 N perturbations
by learning a fraction of each error (Fig. 3F).
We next produced 20 repetitions of a rapidly
switching environment in which the perturba-
tions were T8 N (Fig. 3E, inset). After a period of
washout, we then produced 15 repetitions of a
slowly switching environment in which the per-
turbations were 0 N or +4 N. The critical aspect
of our design was that the participants were never
exposed to a –4 N perturbation. They neverthe-
less experienced –4 N errors (because removal of a
learned +4 N perturbation results in a –4 N error).
The 8 N environment induced a decrease in

sensitivity to a +8 N error, and subsequent exposure
to the +4 N environment resulted in an increase in
sensitivity to a –4 N error [Fig. 3G; RM-ANOVA
showed a significant main effect of perturbation
(P < 0.03) as well as a perturbation by block
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Fig. 2. Error sensitivity is a local function of experienced errors. (A) Paradigm with visuomotor gain perturbations. (B) Perturbation schedule.
Dashed lines indicate changes in the statistics of the environment. (C) Error sensitivity averaged over all error sizes measured over each environment
block. (D) Learning from error measured at various error sizes. (E) Error sensitivity as a function of error magnitude. (F) Probability of error.

RESEARCH | REPORTS



Herzfeld et al. (2014)

36

>Main assumptions: 
>error sensitivity is not constant, but is a function of the error size 
>error sensitivity can change locally, around the error just 

experienced 
>error sensitivity increases if two consecutive errors have the same 

signs, and decreases if they have opposite sign

interaction, P < 0.01]. The critical question,
however, was whether both of these changes in
sensitivity were simultaneously present. After the
slowly switching block of perturbations, we again
probed sensitivity to +8 N and –4 N errors
(probe 2, Fig. 3E). Compared to the baseline
block (probe 1), learning from a +8 N error had
decreased (P < 0.005), while simultaneously, learn-
ing from a –4 N error had increased (P < 0.05)
(Fig. 3F). When we ran our model on the same
sequence of errors that participants had experi-
enced, the change in error sensitivity predicted by
the model was highly correlated with the change
observed in our participants (R2 = 0.65; P < 10−8,
fig. S1), suggesting that history of error induced
changes in error sensitivity in the region of the
experienced errors.
This new model of learning provided insights

on a wide range of puzzling experiments, in-
cluding the phenomena of savings and meta-

learning (fig. S2). It predicted that when one is
better at a task than before, it is not because the
brain recalled the motor commands, but because
it recognized the errors—the errors for which er-
ror sensitivity had been altered. In addition, the
model predicted that savings and meta-learning
could be blocked by controlling the errors that are
experienced during learning.
In experiment 4, volunteers participated in a

visuomotor rotation experiment (Fig. 4A and fig.
S4, n = 10 per group). The control group (ANA)
experienced a +30° perturbation followed by
extended washout and then relearning of +30°,
a protocol that should produce savings (13). Ac-
cording to our model, savings occurs because
during the initial exposure to (A), the stable se-
quence of perturbations increase error sensitivity,
and these errors are revisited in the subsequent
test of (A). If so, we should be able to block
savings by presenting (A) gradually (GNA group,

fig. S4), preventing prior exposure to errors that
are visited at the onset of (A).
Furthermore, we should be able to produce

savings in a very different way: Expose partici-
pants to perturbation (B) and then present sud-
den washout (Fig. 4A, BNA). During washout,
they are exposed to a sequence of stable errors,
which increase error sensitivity for those errors.
Notably, the washout-induced aftereffects are
errors that are also experienced during subse-
quent test of (A). If the meta-learning in BNA is
due to errors that are experienced during wash-
out of (B), we should be able to eliminate it by
reducing the washout-induced errors. In BwaitNA,
a wait period was inserted between –30° train-
ing and washout, reducing the size of after-
effects associated with the transition from –30°
to washout (Fig. 4E). We also tested this idea
in a different way: gradual washout (B) (group
BGNA, fig. S4). In summary, the model predicted
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Fig. 3. Theoretical model and experiment 3. (A) On trial n − 1, the motor
command uðn − 1Þ is generated, resulting in error eðn − 1Þ ¼ −1. If the error in
trial n is of the same sign as eðn − 1Þ, then error sensitivity should increase
(top). However, if the error experienced in trial n has a different sign than
eðn − 1Þ, then error sensitivity should decrease (bottom). (B) Learning from
error after experience of two consecutive errors from (A). Error sensitivity
around eðn − 1Þ increases if signðeðn − 1ÞeðnÞÞ ¼ 1 and decreases otherwise. (C)
Model performance for slow, medium, and rapidly switching environments
(gray line represents ^xðnÞ). Learning from error (D) is increased in the slowly

switching environment and decreased in the rapidly switching environment.
(E) Experiment 3 perturbation protocol. (F) Single-trial learning from a +8 N
perturbation and a –4 N perturbation in probes 1 and 2. Learning is
increased for the –4 N perturbation, while simultaneously decreased for a
+8 N perturbation. (G) Learning from error normalized by the perturbation
magnitude (4 or 8 N) in the first trial of each repetition of the rapidly (blue)
and slowly switching (red) environments. Learning increased in the slowly
switching (4 N) environment but decreased when the perturbation was
rapidly switching (8 N). Error bars are SEM.
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>Implementation of error sensitivity function using population coding: 

η e(n)( ) = wigi
i
∑ e(n)( )

gi e(n)( ) = exp −(e(n)− ⌣ei )
2

2σ 2

⎛
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⎞
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w(n +1) = w(n)+ β sign e(n −1)e(n)( ) g e(n −1)( )
gT e(n −1)( )g e(n −1)( )

wi weight of basis function i
gi basis function i
⌣ei preferred error of basis function i

σ 2 variance of basis functions
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interaction, P < 0.01]. The critical question,
however, was whether both of these changes in
sensitivity were simultaneously present. After the
slowly switching block of perturbations, we again
probed sensitivity to +8 N and –4 N errors
(probe 2, Fig. 3E). Compared to the baseline
block (probe 1), learning from a +8 N error had
decreased (P < 0.005), while simultaneously, learn-
ing from a –4 N error had increased (P < 0.05)
(Fig. 3F). When we ran our model on the same
sequence of errors that participants had experi-
enced, the change in error sensitivity predicted by
the model was highly correlated with the change
observed in our participants (R2 = 0.65; P < 10−8,
fig. S1), suggesting that history of error induced
changes in error sensitivity in the region of the
experienced errors.
This new model of learning provided insights

on a wide range of puzzling experiments, in-
cluding the phenomena of savings and meta-

learning (fig. S2). It predicted that when one is
better at a task than before, it is not because the
brain recalled the motor commands, but because
it recognized the errors—the errors for which er-
ror sensitivity had been altered. In addition, the
model predicted that savings and meta-learning
could be blocked by controlling the errors that are
experienced during learning.
In experiment 4, volunteers participated in a

visuomotor rotation experiment (Fig. 4A and fig.
S4, n = 10 per group). The control group (ANA)
experienced a +30° perturbation followed by
extended washout and then relearning of +30°,
a protocol that should produce savings (13). Ac-
cording to our model, savings occurs because
during the initial exposure to (A), the stable se-
quence of perturbations increase error sensitivity,
and these errors are revisited in the subsequent
test of (A). If so, we should be able to block
savings by presenting (A) gradually (GNA group,

fig. S4), preventing prior exposure to errors that
are visited at the onset of (A).
Furthermore, we should be able to produce

savings in a very different way: Expose partici-
pants to perturbation (B) and then present sud-
den washout (Fig. 4A, BNA). During washout,
they are exposed to a sequence of stable errors,
which increase error sensitivity for those errors.
Notably, the washout-induced aftereffects are
errors that are also experienced during subse-
quent test of (A). If the meta-learning in BNA is
due to errors that are experienced during wash-
out of (B), we should be able to eliminate it by
reducing the washout-induced errors. In BwaitNA,
a wait period was inserted between –30° train-
ing and washout, reducing the size of after-
effects associated with the transition from –30°
to washout (Fig. 4E). We also tested this idea
in a different way: gradual washout (B) (group
BGNA, fig. S4). In summary, the model predicted
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Fig. 3. Theoretical model and experiment 3. (A) On trial n − 1, the motor
command uðn − 1Þ is generated, resulting in error eðn − 1Þ ¼ −1. If the error in
trial n is of the same sign as eðn − 1Þ, then error sensitivity should increase
(top). However, if the error experienced in trial n has a different sign than
eðn − 1Þ, then error sensitivity should decrease (bottom). (B) Learning from
error after experience of two consecutive errors from (A). Error sensitivity
around eðn − 1Þ increases if signðeðn − 1ÞeðnÞÞ ¼ 1 and decreases otherwise. (C)
Model performance for slow, medium, and rapidly switching environments
(gray line represents ^xðnÞ). Learning from error (D) is increased in the slowly

switching environment and decreased in the rapidly switching environment.
(E) Experiment 3 perturbation protocol. (F) Single-trial learning from a +8 N
perturbation and a –4 N perturbation in probes 1 and 2. Learning is
increased for the –4 N perturbation, while simultaneously decreased for a
+8 N perturbation. (G) Learning from error normalized by the perturbation
magnitude (4 or 8 N) in the first trial of each repetition of the rapidly (blue)
and slowly switching (red) environments. Learning increased in the slowly
switching (4 N) environment but decreased when the perturbation was
rapidly switching (8 N). Error bars are SEM.
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>Error sensitivity function is changed after every movement made:

interaction, P < 0.01]. The critical question,
however, was whether both of these changes in
sensitivity were simultaneously present. After the
slowly switching block of perturbations, we again
probed sensitivity to +8 N and –4 N errors
(probe 2, Fig. 3E). Compared to the baseline
block (probe 1), learning from a +8 N error had
decreased (P < 0.005), while simultaneously, learn-
ing from a –4 N error had increased (P < 0.05)
(Fig. 3F). When we ran our model on the same
sequence of errors that participants had experi-
enced, the change in error sensitivity predicted by
the model was highly correlated with the change
observed in our participants (R2 = 0.65; P < 10−8,
fig. S1), suggesting that history of error induced
changes in error sensitivity in the region of the
experienced errors.
This new model of learning provided insights

on a wide range of puzzling experiments, in-
cluding the phenomena of savings and meta-

learning (fig. S2). It predicted that when one is
better at a task than before, it is not because the
brain recalled the motor commands, but because
it recognized the errors—the errors for which er-
ror sensitivity had been altered. In addition, the
model predicted that savings and meta-learning
could be blocked by controlling the errors that are
experienced during learning.
In experiment 4, volunteers participated in a

visuomotor rotation experiment (Fig. 4A and fig.
S4, n = 10 per group). The control group (ANA)
experienced a +30° perturbation followed by
extended washout and then relearning of +30°,
a protocol that should produce savings (13). Ac-
cording to our model, savings occurs because
during the initial exposure to (A), the stable se-
quence of perturbations increase error sensitivity,
and these errors are revisited in the subsequent
test of (A). If so, we should be able to block
savings by presenting (A) gradually (GNA group,

fig. S4), preventing prior exposure to errors that
are visited at the onset of (A).
Furthermore, we should be able to produce

savings in a very different way: Expose partici-
pants to perturbation (B) and then present sud-
den washout (Fig. 4A, BNA). During washout,
they are exposed to a sequence of stable errors,
which increase error sensitivity for those errors.
Notably, the washout-induced aftereffects are
errors that are also experienced during subse-
quent test of (A). If the meta-learning in BNA is
due to errors that are experienced during wash-
out of (B), we should be able to eliminate it by
reducing the washout-induced errors. In BwaitNA,
a wait period was inserted between –30° train-
ing and washout, reducing the size of after-
effects associated with the transition from –30°
to washout (Fig. 4E). We also tested this idea
in a different way: gradual washout (B) (group
BGNA, fig. S4). In summary, the model predicted
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Fig. 3. Theoretical model and experiment 3. (A) On trial n − 1, the motor
command uðn − 1Þ is generated, resulting in error eðn − 1Þ ¼ −1. If the error in
trial n is of the same sign as eðn − 1Þ, then error sensitivity should increase
(top). However, if the error experienced in trial n has a different sign than
eðn − 1Þ, then error sensitivity should decrease (bottom). (B) Learning from
error after experience of two consecutive errors from (A). Error sensitivity
around eðn − 1Þ increases if signðeðn − 1ÞeðnÞÞ ¼ 1 and decreases otherwise. (C)
Model performance for slow, medium, and rapidly switching environments
(gray line represents ^xðnÞ). Learning from error (D) is increased in the slowly

switching environment and decreased in the rapidly switching environment.
(E) Experiment 3 perturbation protocol. (F) Single-trial learning from a +8 N
perturbation and a –4 N perturbation in probes 1 and 2. Learning is
increased for the –4 N perturbation, while simultaneously decreased for a
+8 N perturbation. (G) Learning from error normalized by the perturbation
magnitude (4 or 8 N) in the first trial of each repetition of the rapidly (blue)
and slowly switching (red) environments. Learning increased in the slowly
switching (4 N) environment but decreased when the perturbation was
rapidly switching (8 N). Error bars are SEM.

RESEARCH | REPORTS

Herzfeld et al. (2014) Science 345: 1349-1353

(P < 0.001). As the statistics of the perturbation
changed, so did the error sensitivity.
We measured learning from error as a function

of error in each environment (Fig. 2D). A given
error produced greater learning when that error
was experienced in a slowly switching environ-
ment (Fig. 2D, red line) (RM-ANOVAmain effects
of error size P < 10−4, and environment P < 0.001,
posthoc between slow versus medium or fast, P <
0.001). We quantified error sensitivity at each er-
ror size (Fig. 2E) and found that error sensitivity
had not changed globally, but had changed pre-
dominantly for smaller error sizes. RM-ANOVA of
the absolute sensitivities between 0.25 and 2 cm
showed a significant main effect of environment
(P < 10−4), as well as a significant environment by
error size interaction (P < 0.05). We found a sig-
nificant difference in error sensitivity across envi-
ronments for an error size of 0.25 cm (P < 0.05),
but no significant difference for an error size
of 2 cm (P > 0.1). Interestingly, the small error
sizes for which the participants had shown
the largest change in error sensitivity were also
the most frequent errors (Fig. 2F). This hinted
that control of error sensitivity was a function
of error.
Current models of sensorimotor learning as-

sume that error sensitivity hðnÞ is independent
of error eðnÞ. This is true for state-space models
of learning (18, 21–24), as well as Kalman filter
models of learning (5, 25–27). However, suppose
that sensory prediction errors are encoded in
the nervous system with a set of basis elements,
where each basis element gi has a preferred er-
ror e⌣i. Further, suppose that error sensitivity is
determined by a population coding

hðeðnÞÞ ¼ ∑
i
wigiðeðnÞÞ

giðeðnÞÞ ¼ exp
−ðeðnÞ − e⌣iÞ2

2s2

ð2Þ

On trial n − 1, the motor command uðn−1Þ

produces an error eðn−1Þ, as illustrated in the
top part of Fig. 3A. The nervous system learns
from this error and produces motor command
uðnÞ on the subsequent trial, resulting in eðnÞ. In a
slowly switching environment (top part of Fig.
3A), eðnÞ has the same sign as eðn−1Þ. In this case,
error sensitivity should increase around eðn−1Þ

(Fig. 3B, red line). By contrast, in a rapidly switch-
ing environment (Fig. 3A, bottom), eðnÞ has a
different sign than eðn−1Þ. In this case, error sen-
sitivity should decrease

wðnþ1Þ ¼ wðnÞ þ bsignðeðn−1ÞeðnÞÞ gðeðn−1ÞÞ
gT ðeðn−1ÞÞgðeðn−1ÞÞ

ð3Þ

In Eq. (3), w ¼ ½w1 w2 ⋯ wN &T , g ¼
½ g1 g2 ⋯ gN &T , and superscript T is the
transpose operator. This rule is similar to the
RPROP algorithm, a heuristic for adjusting
the learning rate of machines (28), but has the
unique feature of assuming that error sensitivity
is via population coding of the error space.
Equations 1 to 3 represent a learner that stores

two kinds of memory: a memory of the state of
environment (x^, Eq. 1) and a memory of errors
(w, Eq. 3). We simulated the model (Fig. 3C, gray
line) and found that in the slowly switching envi-
ronment, error sensitivity increased in the neigh-
borhood of the experienced errors, whereas in the

rapidly changing environment, error sensitivity
decreased (Fig. 3D).
Our model made a critical prediction: If the

brain controlled error sensitivity via memory of
errors, then it should be possible to simultaneously
increase sensitivity for one error, while decreas-
ing it for another. In experiment 3, we considered
an isometric task in which participants (n = 16)
produced a force to match a target (16 N) in the
face of a perturbation. The perturbations were
designed so that, according to our model, indi-
viduals would increase their sensitivity to –4 N
errors, while simultaneously decreasing their
sensitivity to +8 N errors.
In the baseline block, we probed sensitivity to

+8 N and –4 N perturbations (probe 1, Fig. 3E).
The resulting learning from error is plotted in
Fig. 3F (probe 1). At baseline, participants re-
sponded to the +8 N and –4 N perturbations
by learning a fraction of each error (Fig. 3F).
We next produced 20 repetitions of a rapidly
switching environment in which the perturba-
tions were T8 N (Fig. 3E, inset). After a period of
washout, we then produced 15 repetitions of a
slowly switching environment in which the per-
turbations were 0 N or +4 N. The critical aspect
of our design was that the participants were never
exposed to a –4 N perturbation. They neverthe-
less experienced –4 N errors (because removal of a
learned +4 N perturbation results in a –4 N error).
The 8 N environment induced a decrease in

sensitivity to a +8 N error, and subsequent exposure
to the +4 N environment resulted in an increase in
sensitivity to a –4 N error [Fig. 3G; RM-ANOVA
showed a significant main effect of perturbation
(P < 0.03) as well as a perturbation by block
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Fig. 2. Error sensitivity is a local function of experienced errors. (A) Paradigm with visuomotor gain perturbations. (B) Perturbation schedule.
Dashed lines indicate changes in the statistics of the environment. (C) Error sensitivity averaged over all error sizes measured over each environment
block. (D) Learning from error measured at various error sizes. (E) Error sensitivity as a function of error magnitude. (F) Probability of error.
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interaction, P < 0.01]. The critical question,
however, was whether both of these changes in
sensitivity were simultaneously present. After the
slowly switching block of perturbations, we again
probed sensitivity to +8 N and –4 N errors
(probe 2, Fig. 3E). Compared to the baseline
block (probe 1), learning from a +8 N error had
decreased (P < 0.005), while simultaneously, learn-
ing from a –4 N error had increased (P < 0.05)
(Fig. 3F). When we ran our model on the same
sequence of errors that participants had experi-
enced, the change in error sensitivity predicted by
the model was highly correlated with the change
observed in our participants (R2 = 0.65; P < 10−8,
fig. S1), suggesting that history of error induced
changes in error sensitivity in the region of the
experienced errors.
This new model of learning provided insights

on a wide range of puzzling experiments, in-
cluding the phenomena of savings and meta-

learning (fig. S2). It predicted that when one is
better at a task than before, it is not because the
brain recalled the motor commands, but because
it recognized the errors—the errors for which er-
ror sensitivity had been altered. In addition, the
model predicted that savings and meta-learning
could be blocked by controlling the errors that are
experienced during learning.
In experiment 4, volunteers participated in a

visuomotor rotation experiment (Fig. 4A and fig.
S4, n = 10 per group). The control group (ANA)
experienced a +30° perturbation followed by
extended washout and then relearning of +30°,
a protocol that should produce savings (13). Ac-
cording to our model, savings occurs because
during the initial exposure to (A), the stable se-
quence of perturbations increase error sensitivity,
and these errors are revisited in the subsequent
test of (A). If so, we should be able to block
savings by presenting (A) gradually (GNA group,

fig. S4), preventing prior exposure to errors that
are visited at the onset of (A).
Furthermore, we should be able to produce

savings in a very different way: Expose partici-
pants to perturbation (B) and then present sud-
den washout (Fig. 4A, BNA). During washout,
they are exposed to a sequence of stable errors,
which increase error sensitivity for those errors.
Notably, the washout-induced aftereffects are
errors that are also experienced during subse-
quent test of (A). If the meta-learning in BNA is
due to errors that are experienced during wash-
out of (B), we should be able to eliminate it by
reducing the washout-induced errors. In BwaitNA,
a wait period was inserted between –30° train-
ing and washout, reducing the size of after-
effects associated with the transition from –30°
to washout (Fig. 4E). We also tested this idea
in a different way: gradual washout (B) (group
BGNA, fig. S4). In summary, the model predicted
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Fig. 3. Theoretical model and experiment 3. (A) On trial n − 1, the motor
command uðn − 1Þ is generated, resulting in error eðn − 1Þ ¼ −1. If the error in
trial n is of the same sign as eðn − 1Þ, then error sensitivity should increase
(top). However, if the error experienced in trial n has a different sign than
eðn − 1Þ, then error sensitivity should decrease (bottom). (B) Learning from
error after experience of two consecutive errors from (A). Error sensitivity
around eðn − 1Þ increases if signðeðn − 1ÞeðnÞÞ ¼ 1 and decreases otherwise. (C)
Model performance for slow, medium, and rapidly switching environments
(gray line represents ^xðnÞ). Learning from error (D) is increased in the slowly

switching environment and decreased in the rapidly switching environment.
(E) Experiment 3 perturbation protocol. (F) Single-trial learning from a +8 N
perturbation and a –4 N perturbation in probes 1 and 2. Learning is
increased for the –4 N perturbation, while simultaneously decreased for a
+8 N perturbation. (G) Learning from error normalized by the perturbation
magnitude (4 or 8 N) in the first trial of each repetition of the rapidly (blue)
and slowly switching (red) environments. Learning increased in the slowly
switching (4 N) environment but decreased when the perturbation was
rapidly switching (8 N). Error bars are SEM.
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savings in ANA but not GNA, and meta-learning
in BNA but not BwaitNA and BGNA. Our experi-
mental results confirmed these predictions (Fig. 4,
C and D, and fig. S4).
We found that during learning, the brain con-

trolled error sensitivity in a principled way: learn-
ing more from error when perturbations were
likely to persist, and less when perturbations were
likely to change. Error-sensitivity modulation was
specific to the experienced errors, suggesting
that training produced a memory of errors. This
idea accounted for a host of puzzling observations,
including saturation of error sensitivity (5, 6, 29),
the phenomenon of meta-learning (16), examples
of savings (10–12), and reinforced repetition (15).
The model predicted that meta-learning vanishes

when a small delay or gradual washout alters the
history of errors (Fig. 4A), demonstrating that
savings depends crucially on the memory of errors
that is accumulated during training. This memory
of errors likely exists in parallel with the two
traditional forms of motor memory, memory of
perturbations (23) and memory of actions (30).
In our model, we chose to describe the learner

as a process with a single time scale. However,
data suggest that learning from error depends
on a fast and a slow process with different error
sensitivities (23, 25, 31). We speculate that the
memory of errors exerts its influence through
the error sensitivity of the fast process, and its
manipulation through history of errors may be
a useful strategy to speed recovery during re-
habilitation (32).
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Fig. 4. Saving occurs only when previously experienced errors are revisited. (A) A visuomotor perturbation experiment. Gray arrows indicate 1- to 2-min
set breaks. (B) Performance in the final +30° perturbation. ANA and BNA groups show savings, i.e., faster learning of the perturbation compared to control
(naïve). Exponential fits are shown for the group data. (C) The BwaitNA group does not exhibit savings. (D) Exponential time constants are compared to controls
(*P < 0.05, **P < 0.01). A smaller time constant indicates faster learning. (E) Comparison of the errors (i.e., aftereffects) experienced by the BNA and BwaitNA
groups. The BwaitNA group experienced smaller errors owing to the presence of the set break.
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>This model can explain savings, regardless of # washout trials:

Herzfeld et al. (2014) Science 345: 1349-1353

>Also savings in BNA paradigm, as predicted by this model. 
>And no savings in B(wait)NA paradigm, also as predicted.
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>Conceptually very different than previous models. 
>Previous models: how? 
>This model: why? (and also: how?) 

>Ideas: 
>movement errors can be caused by: 
>world disturbances (external perturbations) 
>our own body (internal changes, noise) 

>this model probabilistically infers sources of motor errors, and 
their relevance to the current circumstances 

>estimates of body and world state are then updated based on the 
inferred relevance
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>This model can explain short-term savings:

Results

The sources of motor errors and their relevance
In our previous model [4] parameters were always relevant and

subject to adaptation. For variables that describe the body this
makes intuitive sense. Variables that describe the environment,
however, may only be relevant in a particular circumstance [17].
We thus amended the source estimation model, partnering world
parameters with relevance variables. The probability of being
relevant is found by comparing the observed movement with the
movement predicted if the estimated world disturbance were
neglected. The estimate of a world parameter is then adapted
using a Kalman update weighted by the probability of being
relevant (see Methods). This contextualization allows for the
storage and later retrieval of newly acquired parameter values.

In this study we focus on the paradigm of visuomotor
adaptation, restricting the model to estimate two variables, a
body-centric visual rotation (e.g. a rotation of the head relative to
the torso and/or arm) and world-imposed rotation (the experi-
mental manipulation). As a result, the model can only entertain
one visual disturbance due to the body and one due to the world.
We restrict the model to four free parameters: two parameters to
describe the magnitude of noise associated with them, and two
decay rates or time scales. However, we further assume the decay
rate for world parameters is essentially zero, allowing for the long-
term retention of that estimate. The existence of a fast and slow
time scale are consistent with previous findings [5], and our
previous work [4] which suggests the uncertainty associated with
body parameters is large, and estimates should vary quickly. The
resulting model offers predictions for how adaptation should
proceed when it is statistically optimal.

Though the relevance model we present here is nonlinear in
both the limb dynamics and the adaptation scheme, the results we
present share many similarities with those of previously published
linear models of adaptation. Specifically, when adapting to a

visuomotor rotation of the model’s hand location the motor errors
appear linear in the estimated disturbances. Furthermore,
although these disturbances are not adapted with a fixed rate
(but instead estimated with an extended Kalman filter), trial-by-
trial changes in the estimates are small and the resulting motor
errors follow typical exponential trajectories. Due to these
similarities the relevance model has the appearance of a linear
estimation process with a nonlinearity that switches the estimated
world disturbance in and out of the adaptation process.

Short-term adaptation and savings
To examine short-term motor adaptation, many experiments

expose subjects to a disturbance twice in quick succession, with
either a counter disturbance or a washout period in between.
Savings are observed on the second presentation of the
disturbance in both cases. Linear models can explain savings after
adaptation in the form of an increased learning rate when
adapting to the counter disturbance paradigm [5,6]. However,
linear (time invariant) models are not capable of explaining this
same type of savings after a sustained washout period [8]. Once
the perturbation has been removed, the model necessarily de-
adapts its parameters. Therefore, a washout period lasting as long
as the adaptation period would reverse any savings; a second
exposure to the disturbance would proceed just as the initial one.
Without a mechanism for guarding parameters against de-
adaptation, linear models are incapable of displaying even this
form of short-term motor adaptation.

Consider how the model presented here adapts while making
reaches with a visuomotor perturbation. Initially the model cannot
predict the consequences of, nor compensate for, a visual
disturbance, and there are large motor errors (see Fig 1A, 2A).
These errors drive adaptation of the estimated body rotation. At
the same time, the model estimates that a large angular rotation of
the hand’s path is consistent with the observed reach (Fig 1A). This

Figure 2. Short-term savings after washout. A) Angular reach errors during the first presentation of a visuomotor disturbance, washout (while
grasping robot) and subsequent presentation of the same disturbance B) Inferred body and world rotation parameters during adaptation and the
corresponding probability of relevance. C) Angular reach errors from first and second presentation of visuomotor disturbance overlaid.
doi:10.1371/journal.pcbi.1002210.g002
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>This model can explain long-term savings:

Figure 3. Long-term savings and interference. A) Inferred body and world rotations and the corresponding probability of relevance during the
first presentation of a visuomotor disturbance, washout (after experiment has ended) and subsequent presentation of the same disturbance on a
second day. B) Angular reach errors from the first and second presentation of the visuomotor disturbance overlaid. C) Experimental findings after the
same adaptation (reproduced from [19]). D) Inferred body and world rotations and probability of relevance during a visuomotor disturbance, an
oppositely oriented disturbance, washout (after experiment has ended) and subsequent presentation of the original disturbance on a second day. E)
Angular reach errors from the first and second presentation of disturbance overlaid. F) Experimental findings after same adaptation (reproduced from
[19]).
doi:10.1371/journal.pcbi.1002210.g003
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These forces slowly decayed, over a longer period of time than the
subjects required to adapt or de-adapt in the absence of an error
clamp. This suggested that these erroneous forces and their slow
decay were the result of some altogether different process.

We can examine what the model would predict by simulating
similar circumstances. The model is first presented with a
visuomotor rotation, and then the reaches are ‘‘clamped’’ to
constrain movement errors to be zero. Adaptation proceeds just as
we have seen before (Fig 5A). Under the simulated error clamp
condition, regardless of what the model (or subjects) does to
compensate for a perceived disturbance, they observe the same
error-less outcome. The model cannot observe the consequences
of using its estimated perturbations; this results in uncertainty in
the relevance of the visuomotor parameter (see Methods). As a
result the model partially uses the world’s estimate to compensate
and both the body and world rotation estimates slowly decay
towards zero. The results are qualitatively similar to experimental
findings (Fig 5B).

In a somewhat different paradigm, after subjects adapt to one
disturbance they are briefly presented with a counter disturbance

and subsequently make reaches while errors were clamped [5].
Under these circumstances subjects temporarily make reaches as if
they are compensating for the counter disturbance, even though it
is not present. This phenomenon, termed spontaneous rebound,
has been observed under a variety of conditions [25,26,27]. Ideally
models of motor adaptation should be able to describe such a
behavior.

How would the source relevance model explain such findings of
spontaneous rebound? We can simulate the model’s predictions to
the same paradigm with a visuomotor rotation first, then a counter
rotation, and then a ‘‘clamp’’ where we artificially constrain the
movement errors to be zero. The model can predict spontaneous
rebound through the interaction of two mechanisms. As with other
linear multi-rate models there is the interaction of two or more
processes with different adaptation rates [e.g. 5]. But more
importantly for our model, under the simulated error clamp
condition, the model (and subjects) observes an error-less outcome,
regardless. This results in uncertainty in the relevance of the
visuomotor parameter and the model partially uses the world
estimate. The model appears to overcompensate for a nonexistent

Figure 5. Error clamps and spontaneous rebound. A) Inferred body and world rotation parameters and probability of relevance during
adaptation to a visuomotor disturbance and subsequent error clamp. In the error clamp, feedback indicates a lack of errors regardless of movements.
B) Experimental data of normalized reaching forces during adaptation to a force disturbance and subsequent error clamp (reproduced from [24]). C)
Inferred body and world rotations and the probability of relevance during presentation of a visuomotor disturbance, visuomotor disturbance of
opposite orientation and subsequent error clamp. D) Experimental data of normalized reaching forces during a force disturbance, opposite
disturbance and subsequent error clamp (reproduced from [5]).
doi:10.1371/journal.pcbi.1002210.g005
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These forces slowly decayed, over a longer period of time than the
subjects required to adapt or de-adapt in the absence of an error
clamp. This suggested that these erroneous forces and their slow
decay were the result of some altogether different process.

We can examine what the model would predict by simulating
similar circumstances. The model is first presented with a
visuomotor rotation, and then the reaches are ‘‘clamped’’ to
constrain movement errors to be zero. Adaptation proceeds just as
we have seen before (Fig 5A). Under the simulated error clamp
condition, regardless of what the model (or subjects) does to
compensate for a perceived disturbance, they observe the same
error-less outcome. The model cannot observe the consequences
of using its estimated perturbations; this results in uncertainty in
the relevance of the visuomotor parameter (see Methods). As a
result the model partially uses the world’s estimate to compensate
and both the body and world rotation estimates slowly decay
towards zero. The results are qualitatively similar to experimental
findings (Fig 5B).

In a somewhat different paradigm, after subjects adapt to one
disturbance they are briefly presented with a counter disturbance

and subsequently make reaches while errors were clamped [5].
Under these circumstances subjects temporarily make reaches as if
they are compensating for the counter disturbance, even though it
is not present. This phenomenon, termed spontaneous rebound,
has been observed under a variety of conditions [25,26,27]. Ideally
models of motor adaptation should be able to describe such a
behavior.

How would the source relevance model explain such findings of
spontaneous rebound? We can simulate the model’s predictions to
the same paradigm with a visuomotor rotation first, then a counter
rotation, and then a ‘‘clamp’’ where we artificially constrain the
movement errors to be zero. The model can predict spontaneous
rebound through the interaction of two mechanisms. As with other
linear multi-rate models there is the interaction of two or more
processes with different adaptation rates [e.g. 5]. But more
importantly for our model, under the simulated error clamp
condition, the model (and subjects) observes an error-less outcome,
regardless. This results in uncertainty in the relevance of the
visuomotor parameter and the model partially uses the world
estimate. The model appears to overcompensate for a nonexistent

Figure 5. Error clamps and spontaneous rebound. A) Inferred body and world rotation parameters and probability of relevance during
adaptation to a visuomotor disturbance and subsequent error clamp. In the error clamp, feedback indicates a lack of errors regardless of movements.
B) Experimental data of normalized reaching forces during adaptation to a force disturbance and subsequent error clamp (reproduced from [24]). C)
Inferred body and world rotations and the probability of relevance during presentation of a visuomotor disturbance, visuomotor disturbance of
opposite orientation and subsequent error clamp. D) Experimental data of normalized reaching forces during a force disturbance, opposite
disturbance and subsequent error clamp (reproduced from [5]).
doi:10.1371/journal.pcbi.1002210.g005
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>This model can explain spontaneous rebound:

Berniker & Kording (2011) PLoS Comp Bio 7: e1002210
>Other strong point: this model 

predicts sensory recalibration 
along with motor adaptation, 
which is also observed.



Advanced topics
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>Noise 
>Generalization 
>Reinforcement learning 
>Implicit vs. explicit learning 



Noise

46

>All models considered so far: deterministic 
>However, all neural signals are noisy. 
>What role does noise play in motor adaptation? 
>Two kinds of signals that contain noise: 
>sensory signals 
>error signals 

>motor signals 
>movement planning 
>movement execution



Planning and execution noise

47

>Model based on time-series analysis of repeated movements in 
absence of perturbations:

mpl
(t ) planned endpoint in movement i

e(i ) error in movement i
B learning rate
rpl

(i ) effect of planning noise in movement i

rex
(i ) effect of execution noise in movement i

x(i ) actual endpoint in movement i

mpl
(i+1) =mpl

(i ) − Be(i ) + rpl
(i+1)

x(i ) =mpl
(i ) + rex

(i )

van Beers (2009) Neuron 63: 406-417
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>Effect of planning and execution noise with and without error-driven 
planning corrections:

Start position

Target

Task-relevant

Task-irrelevant

van Beers et al (2013) J Neurophysiol 109: 969-977
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mpl
(i+1) =mpl

(i ) − Be(i ) + rpl
(i+1)

x(i ) =mpl
(i ) + rex

(i )

>Random walk of motor planning 
in task-irrelevant dimensions.



Planning and execution noise
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>What is the learning rate in repeated, unperturbed movements? 
>Data suggest: 0.4  
>Why 0.4?

Var(x) = w + 2B(1−w)
B(2 − B)

Tr(Σmot )

>The actual learning B rate 
minimizes the endpoint 
variance!

0.0 0.2 0.4 0.6 0.8 1.0

80

90

100

110

120

B

Endpoint variance (mm2)

van Beers (2009) Neuron 63: 406-417



Planning and execution noise
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>Why is a learning rate B of 0.4 optimal?

>corrections too small 
to reduce errors

Bullseye
First throw
Later throws

Small B: Large B:Intermediate B:

>too much compensation for 
errors due to execution noise

>just right

Target



Sensory and motor noise
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>How does the learning rate change if sensory noise is increased?
x(t ) =mpl

(t ) + rex
(t )

e(t ) = x(t ) − xT
ê(t ) = e(t ) + rsens

(t )

mpl
(t+1) =mpl

(t ) −Bê(t ) + rpl
(t+1)

H M L H M L
0.0

0.1

0.2

0.3

0.4

0.5

Condition

B

Extent Direction

>Learning rate 
decreases if 
sensory noise is 
increased.

van Beers (2012) PLoS ONE 7: e49373

Score: 32 points
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Sensory and motor noise
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>Best possible strategy in presence of both sensory and motor 
noise: use a Kalman filter 
>optimal state estimator for linear dynamical system 
>predicts that learning rate decreases if sensory noise increases 
>other prediction of Kalman filter: 
>learning rate should increase if state estimate is more uncertain

Frontiers in Computational Neuroscience www.frontiersin.org May 2010 | Volume 4 | Article 11 | 7

Wei and Körding Uncertainty affects sensorimotor learning

From the model fitting, we can also obtain indirect support of 
the prediction that larger state estimation uncertainty leads to faster 
adaptation. State estimation uncertainty is estimated by the Kalman 
filter, which gives us a trial-by-trial estimate (

k
). On the other hand, 

we can calculate the magnitude of adaptation for each trial as a gain 
factor, taking the ratio between the hand deviation (or the model 
predicted hand deviation) in one trial and the actual perturbation in 
the immediately preceding trial. This ratio is also called adaptation 
gain as it indicates how much adjustment people make relative to a 
certain size of perturbation. When we regress adaptation gain against 
state estimation uncertainty we find a significant positive correla-
tion for all the subjects (1.35  0.48 cm 2 across subjects; Figure 3D, 
p  0.001). The predicted average slope from the Kalman filter model 
gives a close match of 1.17  0.26 cm 2. In comparison, the state space 
model does not incorporate uncertainty and it thus predicts a slope 
of zero. We thus provide evidence that state estimation uncertainty 
affects learning speed – an effect that is not predicted by state space 
models that only take the most recent feedback into account.

We wanted to know if our data is sufficient for a model compari-
son between the Kalman filter (with 5 free parameters) and the state 
space model (with 4 free parameters). We compare two models by 
using cross-validation (10-folds), which does not unjustly benefit 
models with more free parameters. The Kalman filter model captures 
26.6  4.0% of variance in the data and performs marginally bet-
ter than the state space model which captures 25.4  3.9% of vari-
ance. However, the difference is not significant (p = 0.13, one-sided 
paired t-test). The data thus does not allow us to directly distinguish 
these two model classes. We also test if the data can be understood 
assuming hybrids of Kalman estimates and state space estimates 
(see Materials and Methods). Indeed, two subjects that are not well 
predicted by the Kalman model (with small variance explained in 
cross-validation tests) yield small weights on the Kalman filter. The 
weight  equals 0.04 and 0.41, respectively, indicating small contri-
bution of state estimation uncertainty. However, across subjects the 
contribution from the Kalman model is substantial, with  averaging 
0.63  0.13. This result suggests that the used strategy varies widely 
across the population. Subjects tend to estimate state estimation 
uncertainty based on recent trials as in the Kalman filter and very 
long durations as implicitly predicted by the state space model.

Our regression analysis of state estimation uncertainty with adap-
tation gain indicates that state estimation uncertainty affects the learn-
ing. However, we are unable to distinguish two models as the variance 
explained by the Kalman model is only marginally better than the state 
space model. The lack of statistical power for model comparison is 
not surprising as Experiment 1 is not designed to address this issue of 
state estimation uncertainty. Because feedback conditions and visual 
perturbations vary from trial to trial randomly, the state estimation 
uncertainty only fluctuates in a small range over trials. This results 
in small observed difference. To make the effect of state estimation 
uncertainty more pronounced, we employ a novel method to specifi-
cally manipulate state estimation uncertainty in Experiment 2.

EXPERIMENT 2: STATE ESTIMATION UNCERTAINTY ACCELERATES 
ADAPTATION
We directly manipulated state estimation uncertainty by provid-
ing feedback of different quality for an extended period of time. 
During the period of this conditioning, subjects either performed 

the reaching movement with veridical visual feedback of the hand 
location, with no visual feedback at all, or simply sat idle with 
eyes closed. In the first condition, the reaching movement was 
performed with both visual and proprioceptive feedback of the 
hand, leading to small state estimation uncertainty. In the second 
condition, only proprioceptive feedback about the hand location 
was available. In the condition of sitting idle, the nervous system 
had no chance to execute related motor commands for reaching 
movements and received neither visual nor proprioceptive feedback 
and would thus lead to high state estimation uncertainty. How 
the resulting state estimation uncertainty influenced adaptation 
was evaluated by asking subjects to perform the same reaching 
task with trial-by-trial visual perturbations (as in Experiment 1) 
in subsequent test blocks.

We assess the adaptation rate in test blocks in the same way 
as in Experiment 1, i.e., linearly regressing the hand deviations 
against preceding perturbations. The data from test blocks follow-
ing each type of conditioning blocks are pooled together for this 
regression. The adaptation rate is indeed ranked with degree of 
uncertainty in state estimation (Figure 4). The fastest adaptation 
happens after subjects sit in the dark for a minute (adaptation 
rate of 0.36  0.03), the second fastest after performing the task 
without visual feedback (adaptation rate of 0.30  0.02) and the 
slowest after performing the task with veridical visual feedback 
(adaptation rate 0.27  0.03). One-sided paired t-tests show that 
the adaptation rate is significantly faster (more negative) with 
larger state estimation uncertainty (with veridical feedback vs. 
without: p  0.05; with veridical feedback vs. sit idle: p  0.001; 
without feedback vs. sit idle: p  0.005). We can not fit the Kalman 
filter model to the data of Experiment 2 since there are not enough 
trials (less than 10) within a test block to allow the model to 
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FIGURE 4 | Adaptation rates are shown as a function of conditioning type 
(for inducing different levels of state estimation uncertainty). Averages 
over subjects are shown (mean  sem displayed) together with p values of 
paired t-tests between conditions.

>this has been confirmed for adaptation to 
a perturbation (Burge et al. (2008) J Vision 8:20;  Wei & 
Körding (2010) Front Comput Neurosci 4:11)

>Despite this qualitative agreement with 
the Kalman filter, a quantitative test for 
the learning rate failed (van Beers (2012) PLoS ONE 7: 
e49373)
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>Noise in sensory and motor signals affect motor adaptation by 
determining the learning rate. 

>They do so in an intuitive way to reduce variability.

>Deterministic models are unrealistic: 
>they can be improved by adding noise terms

x1(i +1) = Af x1(i)+ Bf e(i)
x2 (i +1) = Asx2 (i)+ Bse(i)
x(i) = x1(i)+ x2 (i)

x1(i +1) = Af x1(i)+ Bf e(i)+ n1(t)
x2 (i +1) = Asx2 (i)+ Bse(i)+ n2 (t)
x(i) = x1(i)+ x2 (i)+ nout (t)



Generalization

54

>If we produce a movement error, motor planning is adjusted to 
avoid future errors. 

>To what extent do these adjustments generalize? 

>For reaching movements, generalization has been studied to 
other: 
>movement directions 
>movement amplitudes 
>movement speeds 
>spatial locations 
>arm 
>...

letters to nature

NATURE | VOL 407 | 12 OCTOBER 2000 | www.nature.com 743

internal model output in the subsequent movement (indexed 2):

f̂ 2ðW þ DW 1Þ ! f̂ 2ðWÞ ¼ ðW þ DW 1Þ
T gðẋ*2Þ ! WT gðẋ*2Þ

¼ ! hgTðẋ*1Þgðẋ*2Þf̃ 1

ð3Þ

The change in the internal model output depends on experienced
error and the mutual projection between evaluations of the primi-
tives, but does not depend on the weight matrix. As the primitives
depend on desired velocity, when the two movements have the same
desired trajectory (for example, toward the same target), the change
should be proportional to the error experienced. When the two
movements are toward different targets, the change will also depend
upon the breadth of the receptive fields of the primitives.

We first tested whether an error experienced in a given movement
causes a proportional change in the internal model for the next
movement to the same target. We asked subjects to make reaching
movements while holding a manipulandum13 which produced
viscous forces f ¼ Bẋ, where B = {0,13; −13,0} N s m−1. Catch
trials, movements during which f = 0, were randomly interspersed
among the targets. Our proxy for error was hand displacement
perpendicular to target direction (perpendicular displacement;
p.d.) measured 250 ms into the movement. The first movement in
the field (1st in Fig. 1a) had significant error (p.d. = 2.38 cm),
but with training (ct−1 in Fig. 1a) became less disturbed
(p.d. = 0.45 cm). In the next movement towards this direction (90!),
a catch trial (ct), there was a large error in the direction opposite the
initial error, suggesting formation of an internal model13. In the
subsequent movement to 90! (ct+1), during which the force field
was present, the p.d. was substantially greater (p.d. = 1.22 cm) than
in ct−1, indicating partial unlearning of the internal model as
predicted by equation (2). In agreement with equation (3), there

was a significant correlation between magnitude of movement
errors in the catch trial and the unlearning observed in ct+1
(Fig. 1b, r = 0.65). The physiological correlate of this unlearning
was evident in the spatial tuning of movement-initiating muscle
activations. The computational construct of an internal model
predicted that spatial tuning of the electromyographic (EMG)
activity of arm muscles would undergo a specific rotation with
training5. During training, the preferred direction of this tuning
gradually rotated. However, between ct−1 and ct+1 the preferred
direction rotated back toward the initial orientation (Fig. 1c),
indicating unlearning of the internal model. This unlearning was
washed out by movement ct+3 (Fig. 1d).

We next investigated the shape of primitives underlying internal
model formation by quantifying, independent of the model in
equation (3), the temporal dynamics of movement errors first
within and then across directions. In a sequence of random target
directions, the time series of movement errors for a given direction
was fitted to the following system of equations:

znþ1 ¼ azn þ bun

yn ¼ zn þ dun

ð4Þ

Here y represented error in the internal model as quantified by p.d.,
n was movement number and u indicated whether the force field

1 cm

ct

ct–1
ct+1

1st

Error in catch trial, p.d. (cm)

C
ha

ng
e 

in
 m

ov
em

en
t k

in
em

at
ic

s,
∆p

.d
. b

et
w

ee
n 

ct
+1

 a
nd

 c
t–

1 
(c

m
)

0

0.1

0.2

0.3

0.4

-0.1
ct+1 ct+2 ct+3 ct+4

Movements after catch trialC
ha

ng
e 

in
 m

ov
em

en
t k

in
em

at
ic

s,
∆p

.d
. w

ith
 re

sp
ec

t t
o 

ct
–1

 (c
m

)

–50
–40
–30
–20
–10

0

–25
–20
–15
–10

–5
0

ct–1  ct ct+1

–20

–15

–10

–5

0

ct–1  ct ct+1

–25
–20
–15
–10

–5
0

*
Anterior deltoid Posterior deltoid

Biceps Triceps

*

*

R
ot

at
io

n 
of

 E
M

G
 re

su
lta

nt
 v

ec
to

r (
de

gr
ee

s)

–2.0 –1.5 –1.0 –0.5
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7
a b

c
d

Figure 1 Catch trials induced short-term unlearning. a, Hand trajectories of single
movements, averaged across all 40 subjects, during the first (labelled 1st), 38th (ct−1),
39th (ct) and 40th (ct+1) movements toward 90! (0! is at 3:00). Intersection of error bars
indicates parallel and perpendicular displacement (p.d.) 250 ms into the movement.
b, Jumps in p.d. between before (ct−1) and after (ct+1) catch trials versus p.d. in catch
trials (ct), averaged within target directions across subjects. c, Orientation of preferred
direction of movement-initiating EMG in ct−1, ct and ct+1. Asterisks indicate significant
(P " 0.05) rotation of EMG preferred direction between ct−1 and ct+1. d, Errors in force
field movements following ct. In all figures, error bars indicate 95% confidence intervals of
the mean (CIM) across subjects.
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Figure 2 Sensitivity to movement error across target directions. a, Errors in subjects’
reaches (circles) (p.d. at 250 ms) toward 90!, averaged across subjects (n = 40). Catch
trials are the large negative spikes (one is labelled ct). Lines are best fits of scalar (black)
and vector (red) state–space models to the data (y in equation (4)). b, Average sensitivity
of the internal model to errors experienced in previous movements (b in equation (4)) as a
function of angular distance f. Error bars (95% CIM) calculated through bootstrapping.
c, Average generalization function b(f) for simulated adaptive controllers that constructed
an internal model with gaussians of width j. b(f) in simulations and subjects were
averaged across target directions.
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>Approach 1: straightforward extension of original two-state model 
(Tanaka (2012) Neural Comput 24: 939-966):
x1(i +1) = Af x1(i)+ Bf e(i)
x2 (i +1) = Asx2 (i)+ Bse(i)
x(i) = x1(i)+ x2 (i)

x1(i +1) = A fx1(i)+B fH(i)
T e(i)

x2 (i +1) = Asx2 (i)+BsH(i)
T e(i)

x(i) = x1(i)+ x2 (i)

>Assume 8 targets:
x1(i), x2 (i) 8 ×1
A f ,As 8 × 8 diagonal matrices

B f , Bs 8 × 8 non-diagonal matrices

H(i) 1× 8 vector with 0's and one 1
>Off-diagonal elements of B’s: generalization 

from one direction to the others



Generalization
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>Write motor output f as linear combination of basis functions:
f = wigi

i
∑ (x) = wTg(x)

>Learning from error at state x1 changes the weights:
Δw1 = −ηg(x1) f − f̂

>Motor output in direction 2 is than changed by amount:
f2 (w + Δw1)− f2 (w) = (w + Δw1)

T g(x2 )−w
Tg(x2 ) = −ηg(x1)

T g(x2 ) f − f̂

>Generalization is thus determined by matrix: g(x1)T g(x2 )

>Approach 2: use basis functions (Thoroughman & Shadmehr (2000) Nature 407: 742-747; 

Donchin et al. (2003) J Neurosci 23: 9032-9045):



Generalization
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>Generalization can therefore be used to estimate the basis 
functions. 

>Example of estimated basis function (in velocity space):

Fig. 5. Estimation of a generalization function from trial-by-trial patterns of error. (A) Top row: Black
lines are movement errors during 192 movements (out-and-back pattern) in a standard curl field paradigm
to eight directions of targets. Sharp negative spikes are catch trials. Black lines are measured data and gray
lines are fit to Eq. (4). Subjects performed 3 · 192 movements (three target sets), but data for only one set is
shown. Second row: In this experiment, subjects practiced in a target set that was not out-and back, but
random directions. The shape of the generalization function and compliance are similar to that obtained in
the first row. Third row: In this experiment, subjects trained in a force field that randomly changed from
movement to movement. Despite no obvious learning trends, the generalization function is similar to other
‘‘learnable’’ tasks. (B) The estimated generalization function (b in Eq. (4)). The generalization function im-
plies that !18% of the error that was recorded for a movement toward any given direction updated the
internal model for that same direction. About 12% of error was generalized to neighboring directions
at 135! and 180!. The same subjects were again tested on the same field a second and a third time (2nd
and 3rd target sets, each set 192 movements). The generalization functions for all three sets of targets
are shown in (B). Little change is seen in these repeated measures. (C) The estimated compliance matrix
D for each target set. Compliance matrix is plotted by multiplying D by a unit force vector that goes about
a circle. The estimates change little with repeated measures. The orientation of the ellipse is consistent
with previous estimates of arm stiffness. (D) A basis function consistent with the generalization func-
tions. This particular basis has a preferred velocity at ½0:21; 0:21# m/s, corresponding to the peak velocity
for a 10 cm movement toward 45!. Dark regions indicate higher activation. Redrawn from Donchin et al.
(2003).

R. Shadmehr / Human Movement Science 23 (2004) 543–568 563
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Fig. 1.1 Comparison of model-based and model-free strategies for updating a control policy based
on experience. a Model-based learning schematic. Changes to the control policy are brought about
indirectly through first updating a forward model of the motor apparatus and environment based
on sensory prediction errors, then using this knowledge to calculate an appropriate controller for
the current task. b Model-free learning schematic. The control policy is updated directly based on
reward prediction errors

environments. Model-based learning, by contrast, makes the best possible use of
all observations. Any information acquired about the outcome of a particular action
is retained and can influence planning of future movements, regardless of whether
that action led to success or not. Model-based methods also allow more principled
generalization. If the reward structure of the task changes in a known way (e.g., the
target moves to a new location), an appropriate new control policy can be computed
based on the model of the dynamics that was built in the context of the previous task.

The major disadvantage with a model-based approach is that although the value
of any state/action pair can in principle be computed exactly, it can be prohibitively
computationally intensive to do so. Existing methods for computing the optimal
policy typically involve either dynamic programming—a backward iteration through
time to exhaustively compare all possible paths to the target and identify the best
ones, or some iterative sequence of approximations to the value function or policy
that converge upon a local optimum. Details of these methods are beyond the scope
of this chapter (but for excellent introductions see Bertsekas 1996; Sutton and Barto
1998; Todorov 2007).

The complexity associated with computing optimal value functions and policies
need not preclude biological systems from utilizing some form of model-based con-
trol. In certain very simple scenarios, it can be trivial to compute the optimal policy
given a specification of the task and plant e.g., if the action on a given trial is sim-
ply the aiming direction for a particular movement, then a model-based solution to
a rotational perturbation simply amounts to subtracting an estimate of the rotation
angle from an observed target angle. The feasibility of the model-based approach
therefore largely depends on the nature of the task. Even if the computations are
simple, however, errors may still arise from accumulation of noise that inevitably
accompanies computations in biological systems (McGuire and Sabes 2009).
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of any state/action pair can in principle be computed exactly, it can be prohibitively
computationally intensive to do so. Existing methods for computing the optimal
policy typically involve either dynamic programming—a backward iteration through
time to exhaustively compare all possible paths to the target and identify the best
ones, or some iterative sequence of approximations to the value function or policy
that converge upon a local optimum. Details of these methods are beyond the scope
of this chapter (but for excellent introductions see Bertsekas 1996; Sutton and Barto
1998; Todorov 2007).

The complexity associated with computing optimal value functions and policies
need not preclude biological systems from utilizing some form of model-based con-
trol. In certain very simple scenarios, it can be trivial to compute the optimal policy
given a specification of the task and plant e.g., if the action on a given trial is sim-
ply the aiming direction for a particular movement, then a model-based solution to
a rotational perturbation simply amounts to subtracting an estimate of the rotation
angle from an observed target angle. The feasibility of the model-based approach
therefore largely depends on the nature of the task. Even if the computations are
simple, however, errors may still arise from accumulation of noise that inevitably
accompanies computations in biological systems (McGuire and Sabes 2009).

>Alternative learning mechanism:

>Reinforcement learning
Haith & Krakauer (2013) Adv Exp Med Biol 782: 1-21
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>To what extent contribute model-based and model-free learning to 
motor adaptation? 

>Is it possible to adapt on the basis of reward signals only?

represents hand position undergoes a kinematic rotation so that
when the hand moves straight ahead, the cursor moves slightly to
the left (Fig. 1A). Reward is provided if the cursor passes through
the target area. In this reach adaptation task there are two kinds of
error: the difference between the expected and observed visual
feedback of the hand (i.e. visual cursor), and the difference
between the expected and observed success of the reach. Our

hypothesis is that learning mechanisms engaged by the two types
of error may be behaviorally dissociable.

To examine this hypothesis, we recruited two groups of subjects
in Experiment 1. One group (RWD) was provided only with
information regarding whether they succeeded or failed at each
trial (reward r = 1 or 0), indicated by explosion of the target, and
received no other visual feedback regarding their movement
(Fig. 1B). Another group was provided with full visual feedback of
the cursor as well as the reward so that they were able to use both
potential error signals (ERR). We asked two questions: 1) In the
ERR paradigm in which sensory consequences of motor
commands were available, would adaptation of the motor
commands accompany a change in the motor-sensory map (i.e.,
a change in the perceived sensory consequences of motor
commands), and 2) in the RWD paradigm in which sensory
consequences of motor commands were unavailable, would
adaptation of the motor commands take place but without a
change in the motor-sensory map.

Fig. 1C shows data from representative subjects in the ERR and
RWD paradigms. In this figure, the yellow line in the ERR group
is the ideal reach angle (shifts gradually up to 8u). The gray area
indicates the region that provided reward, which shifts with the

Author Summary

It is thought that motor adaptation relies on sensory
prediction errors to form an estimate of the perturbation.
Here, we present evidence that motor adaptation can be
driven by both sensory and reward prediction errors. We
found that learning from sensory prediction error altered
the predicted consequences of motor commands, leaving
behind a sensory remapping, whereas learning from
reward prediction error produced comparable change in
motor commands, but did not produce a sensory
remapping. It is possible that the neural basis of learning
from sensory and reward prediction errors are distinct
because they produce different generalization patterns.

Figure 1. Experimental setup. (A) In the reaching task, subjects held a handle of a robotic arm and made ‘shooting’ movements to move a cursor
through a target at 10 cm. The arm was covered by a screen. During adaptation, the cursor-hand relationship was perturbed so that the cursor
position was rotated around the center at the start position. The coordinate system is drawn on the left side of the robot (invisible for subject) where
the clockwise rotation around the start is positive. The cumulative score of each block was provided to the subject. In the localization task, subjects
pointed with their left hand over the screen to the remembered location of their right hand as it crossed the (unseen) target area in the previous trial.
In the localization task, the start box was not visible. (B) Experimental paradigms. In ERR, full visual feedback about the cursor position was provided
as well as the animation and the sound indicating target explosion regarding success or failure of the task. In EPE, while the cursor was unseen during
the shooting movement, it was presented for 200 ms as the hand crossed an imaginary circle with the radius equal to the target, providing endpoint
error with respect to the target. The reward signal was also provided as in the ERR condition. In RWD, no visual feedback about the cursor was
provided. All information that subjects were able to use was the success or failure of the task. (C) Reach angles of three representative subjects during
the adaptation phase. The yellow line in the ERR group is the ideal reach angle, which shifted gradually up to 8 degrees by the visual rotation. The
gray area indicates the reward region, which shifted with the same schedule in the three groups. (D) Reach variability in the final 100 trials for each
group. There are the significant differences between ERR and EPE (t-test, p,0.003) as well as between EPE and RWD (t-test, p,0.001). (E) Results of
the localization task for the three subjects. The reach trajectory is plotted for the POST condition. Red line is for the RWD subject, blue line is for the
ERR subject, and green line is for the EPE subject. The circle around the reach trajectory is the averaged pointing location in the localization trial.
doi:10.1371/journal.pcbi.1002012.g001

Learning from Sensory and Reward Prediction Errors

PLoS Computational Biology | www.ploscompbiol.org 2 March 2011 | Volume 7 | Issue 3 | e1002012

Izawa & Shadmehr (2011) PLoS Comput Biol 7: e1002012

>Yes, but sensory recalibration and 
generalisation are different:

perturbation, but the adaptation does not produce a sensory
remapping (h is not different from ĥh in the right column of Fig. 3C).

These three different patterns of sensory remapping generated
by the model help explain the reason why we observed different
patterns of sensory remapping in the three different paradigms. In
the ERR condition in which high quality sensory feedback was
available, adaptation produced large change in the state predictor,

producing the sensory remapping. In RWD condition in which the
visual feedback of the cursor was not available, adaptation focused
on the action selector, which was updated by reward prediction
error. Because this process did not involve a sensory remapping,
we did not observe a change in the localization behavior of the
subjects. In the EPE condition in which partial visual feedback was
provided, learning depended on both an updating of the state

Figure 2. The sensory remapping and the generalization function. (A) The average estimated localization of hand position in PRE and POST
conditions. Error bars are SEM. (B) Generalization of adaptation from the learned target direction (at 0u) to neighboring target directions. (C) Illusion
index (change in estimated location of the hand from PRE to POST adaptation), as a function of generalization index in subjects in EPE condition. Each
dot indicates individual subject’s data. There are significant negative correlation in these two indices (R = 20.68, p = 0.02).
doi:10.1371/journal.pcbi.1002012.g002
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>More recent research suggests that reinforcement learning plays 
little or no role if error-based learning is possible.
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SSM (Supplementary Fig. 2), we believe that the effects of punish-
ment on adaptation do not depend on specific assumptions about gen-
eralization. However, to ensure that differences between the groups 
did not depend on the choice of model, we performed a model-free 
analysis in which reach direction was averaged across the adaptation 
phase14, excluding the first eight trials (Online Methods). As partici-
pants attempted to adapt to a 30° visuomotor rotation, an increased 
reach angle represented greater learning14. The analysis confirmed 
our results. Specifically, punishment led to greater learning during 
adaptation (F2,41 = 5.73, P = 0.007) relative to either reward (P = 0.045)  
or random positive feedback (P = 0.002; Fig. 2c). There were no 
significant differences between groups for either RT or MT during 
the main experimental blocks (Table 1). RTs during adaptation were 
uncorrelated with the rate of learning (z = 0.07, P = 0.61; two-tailed), 
again suggesting that the increased learning speed of the punishment 
group was not caused by a more cautious, strategic approach. In addi-
tion, the average number of points received or lost on each trial during 
adaptation was comparable for reward (2.00  0.12) and punishment 
(−2.05  0.09) (t26 = 0.33, P = 0.74; two-tailed; absolute value used 
for statistical comparison). Finally, the SPSRQ questionnaire33 was 
used to score each participant’s sensitivity to reward and punishment. 
Across participants, there was no overall bias toward either reward or  
punishment (punishment sensitive, 20; reward sensitive, 19; neutral, 3).  
In addition, no significant correlations were observed between  
this score and the participant’s SSM learning or decay rate (z < 0.17, 
P > 0.27; two-tailed).

Reward caused greater memory retention
Next, we characterized memory retention by measuring the gradual 
drift back to baseline performance when visual feedback of per-
formance was removed (no vision; Fig. 1e and Online Methods)14. 
For the no-vision blocks, the SSM provided a poor fit to the data 
(Supplementary Table 1) because the reach direction did not relax 
back to baseline, especially in the reward group (Fig. 2a). We there-
fore quantified retention by averaging reach direction across the 
second half of the no-vision trials (model-free analysis). Retention 
was greater for the reward group (greater reach angle; F2,41 = 5.02,  
P = 0.012) relative to either the punishment (P = 0.021) or random 
positive (P = 0.005) groups (Fig. 2d). In contrast, there was no signifi-
cant difference between groups (F2,41 = 2.94, P = 0.065) for the first set 
of eight trials within the no-vision block (Fig. 2a). For completeness, 
we applied the SSM to the no-vision blocks with the learning rate 
fixed to 0. The reward group’s decay parameter was significantly larger 
(SSM parameter A: F2,41 = 3.77, P = 0.032) than either the punish-
ment (P = 0.015) or random positive (P = 0.037) group (indicating 
increased retention; Fig. 2e). These results confirm our prediction 
that reward would improve motor memory retention.

Punishment was associated with faster readaptation
When participants readapt after complete washout to a recently expe-
rienced visuomotor rotation, they usually exhibit faster learning rates, 
a phenomenon called savings29. We used the dissociation between 
reward and punishment to determine whether faster relearning is 
associated with faster initial learning, as induced by negative feed-
back, or by greater retention, as induced by positive feedback. During 
washout the error returned quickly to baseline levels (Fig. 2a). In the 
last eight trials of washout, the error was statistically indistinguish-
able from the last eight trials of baseline, and there was no significant 
effect of group (F2,39 = 0.75, P = 0.48), phase (F1,39 = 1.64, P = 0.21) 
or interaction (F2,39 = 0.46, P = 0.63). Additional positive or negative 
feedback was not provided during readaptation. Despite this, the SSM 
estimates showed that the punishment group adapted significantly 
faster (SSM parameter B: F2,41 = 4.05, P = 0.025) than the reward  
(P = 0.010) or random positive (P = 0.042) group (Fig. 2b). In the 
presence of a directional error signal, the decay parameter was similar  
across groups (SSM parameter A: F2,41 = 1.25, P = 0.30; punishment, 
0.794  0.042; reward, 0.881  0.023; random positive. 0.848  0.049). 
We then compared the learning rate parameter for the adaptation 
and readaptation blocks. Although there was a significant block 
(F1,39 = 55.91, P = 0.0005) and group (F2,39 = 5.89, P = 0.006) effect, 
the interaction was not significant (F2,39 = 1.45, P = 0.25). Thus the 
increased learning rate observed after punishment was maintained 
during savings (Fig. 2b). We confirmed these results using a model-
free analysis in which we averaged hand direction for the readaptation 

Table 1 Reaction time and movement time across groups for 
experiment 2

Punishment Reward Null ANOVA

Adaptation
RT (ms) 561  60 589  105 487  46 F2,41 = 0.49, P = 0.62
MT (ms) 266  17 259  16 294  22 F2,41 = 1.06, P = 0.36

No vision
RT 555  61 589  11 487  46 F2,41 = 0.47, P = 0.63
MT 280  21 269  16 294  22 F2,41 = 0.83, P = 0.46

Readaptation
RT 472  34 532  120 430  39 F2,41 = 0.46, P = 0.63
MT 213  12 202  13 230  14 F2,41 = 1.13, P = 0.33

Means  s.e.m.
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Figure 3 Replication of the double dissociation between reward  
and punishment using a one-target design. (a) Experiment 2 using a  
one-target design (n = 22). Trial-by-trial angular reach direction data for  
reward (red) and punishment (black). Dashed and solid vertical lines,  
short rest periods (<1 min). For each section (vertical solid lines),  
a separate SSM was estimated. (b) The punishment group showed  
faster learning than the reward group during adaptation but not  
readaptation (SSM parameter B). During no vision, reward was  
associated with a larger decay rate (signifying increased retention) than  
punishment (SSM parameter A). (c) Model-free behavioral analysis  
revealed similar differences between groups. Specifically, punishment  
led to greater learning (increased reach angle) during adaptation,  
whereas reward caused enhanced retention during no vision. *P < 0.05.  
Solid lines, mean; error bars or shaded areas, s.e.m.

Galea et al. (2015) Nat Neurosci 18: 597-602

>Other recent finding: adaptation and retention are different if 
subjects are rewarded vs punished.
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>Another complication: 
>implicit and explicit mechanisms play different roles

NE33CH05-Shadmehr ARI 14 May 2010 16:32

displacement in the visual feedback. Af-
ter this viewing, subjects were tested in a
pointing task. Held and colleagues (Held &
Gottlieb 1958, Held & Freedman 1963) found
that in the test session, subjects only showed
after-effects if they had actively moved their
hands while viewing them. In their words,
“Although the passive-movement condition
provided the eye with the same optical in-
formation that the active-movement condi-
tion did, the crucial connection between mo-
tor output and visual feedback was lacking.”
In our terminology, sensory prediction error
was missing in the passive condition, as the
subjects did not actively generate a movement,
and therefore could not predict the sensory
consequences.

A more recent example of visuomotor
adaptation provides strong evidence for the
crucial role of sensory prediction errors.
Mazzoni & Krakauer (2006) had people move

their wrist so that the position of the index
finger was coupled with the position of a cursor
on a screen. There were always eight targets
on display, spanning 360◦. On a given trial, one
of the targets would light up and the subject
would move the cursor in an out-and-back
trajectory, hitting the target and then returning
to the center. After a baseline familiarization
period (40 trials), the experimenters imposed a
45◦ counter-clockwise rotation on the relation-
ship between the cursor and finger position
(early adaptation, Figure 3a). Let us label this
perturbation with r . Now, a motor command
u that moved the hand in direction θ did not
produce a cursor motion in the same direction,
but in direction θ + r . If we label the predicted
sensory consequences ŷ = θ and the observed
consequences y = θ + r , then there is a sensory
prediction error y − ŷ . The objective is to use
this prediction error to update an estimate for r̂ .
With that estimate, for a target at direction θ∗,
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Figure 3
An example of learning from sensory prediction errors during visuomotor adaptation. (a) Subjects were asked to make an out-and-back
motion with their hand so a cursor was moved to one of eight targets. In the baseline condition, hand motion and cursor motion were
congruent. In the adaptation condition, a 45◦ rotation was imposed on the motion of the cursor and the hand. In the adaptation group
(top two plots), the subjects gradually learned to move their hand in a way that compensated for the rotation. In the strategy group
(bottom two plots), after two movements subjects were told about the perturbation and asked to simply aim to the neighboring target.
(b) Endpoint errors in the adaptation and strategy groups. The strategy group immediately compensated for the endpoint errors, but
paradoxically, the errors gradually grew. The rate of change of errors in the strategy and adaptation groups was the same. The rapid
initial improvement is due to learning in the explicit memory system, whereas the gradual learning that follows is due to an implicit
system. From Mazzoni & Krakauer (2006).
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Mazzoni & Krakauer (2006) J Neurosci 26: 3642-3645
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>Motor adaptation is reasonably well understood. 
>Models that can explain many observations: 
>two-state model (Smith et al. 2006) 
>parallel one-fast, multiple-slow process model (Lee & 

Schweighofer 2009) 
>error-dependent learning rate model (Herzfeld et al. 2014) 
>relevance-estimation model (Berniker & Kording 2011) 

>These models can also explain generalization. 
>Consequences of noise can explain learning rates. 
>Issues that also play a role: 
>reinforcement learning 
>implicit vs. explicit learning
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>Program some of the major models in Matlab. 
>Analyze their behaviour.


