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Yin C, Wei K. Savings in sensorimotor adaptation without an
explicit strategy. J Neurophysiol 123: 1180–1192, 2020. First pub-
lished February 26, 2020; doi:10.1152/jn.00524.2019.—The hallmark
of long-term retention of sensorimotor adaptation is a faster relearning
when similar perturbations are encountered again. However, what
processes underlie this saving effect is in debate. Though motor
adaptation is traditionally viewed as a type of procedural learning, its
savings has been recently shown to be solely based on a quick recall
of explicit adaptation strategy. Here, we showed that adaptation to a
novel error-invariant perturbation without an explicit strategy could
enable subsequent savings. We further showed that adaptation to
gradual perturbations could enable savings, which was supported by
enhanced implicit learning. Our study provides supporting evidence
that long-term retention of motor adaptation is possible without
forming or recalling a cognitive strategy, and the interplay between
implicit and explicit learning critically depends on the specifics of
learning protocol and available sensory feedback.

NEW & NOTEWORTHY Savings in motor learning sometimes
refers to faster learning when one encounters the same perturbation
again. Previous studies assert that forming a cognitive strategy for
countering perturbations is necessary for savings. We used novel
experimental techniques to prevent the formation of a cognitive
strategy during initial adaptation and found that savings still existed
during relearning. Our findings suggest that savings in sensorimotor
adaptation do not exclusively depend on forming and recalling an
explicit strategy.

implicit learning; motor behavior; motor learning; savings; sensori-
motor adaptation

INTRODUCTION

Sensorimotor adaptation occurs when the sensory conse-
quence of motor action deviates from the expected conse-
quence. Given that disturbances from the environment and
from the body within are ubiquitous, sensorimotor adaptation
serves as a fundamental learning mechanism for compensating
the influences of these disturbances. Experimental studies typ-
ically apply visual or mechanical perturbations to human par-
ticipants and investigate how people adjust their motor re-
sponses and recalibrate their sensory system to accommodate
the effect of perturbations (Baddeley et al. 2003; Krakauer et
al. 1999, 2000; Lackner and Dizio 1994; Shadmehr and Mussa-

Ivaldi 1994). Besides the immediate, and often transient, learn-
ing effect, adaptation also leads to long-lasting behavioral
changes: people adapt faster when they encounter the same or
similar perturbation a second time. This faster-relearning ef-
fect, which is termed savings (Ebbinghaus 1913), can be
observed on the same day, overnight, or even after a year
(Della-Maggiore and McIntosh 2005; Krakauer et al. 2005;
Landi et al. 2011).

While savings is regarded as an indicator of long-term
memory of motor adaptation, what is retained and retrieved
during the readaptation is still in debate. One account proposed
that memory of errors and its quick recognition during read-
aptation underlies the saving effect (Herzfeld et al. 2014),
emphasizing enhanced sensitivity to (similar) errors during
initial adaptation. This view is consistent with the traditional
view that sensorimotor adaptation is an implicit, cerebellum-
dependent, error-based learning process, which updates an
internal forward model based on sensory prediction error
(Izawa et al. 2012; Izawa and Shadmehr 2011; Mazzoni and
Krakauer 2006; Miall and Wolpert 1996; Morton and Bastian
2006; Synofzik et al. 2008; Taylor et al. 2010; Tseng et al.
2007). The critical empirical support for this error-sensitivity
account is that gradually induced perturbation, which effec-
tively reduces the error available to the learner, would diminish
savings (Herzfeld et al. 2014). A recent study further supports
this account by showing that prior experience of errors, instead
of the experience of the same action, is required to elicit
savings (Leow et al. 2016).

Recent studies have found that multiple learning processes
contribute to motor adaptation besides error-based learning
(Huang et al. 2011). In particular, explicit cognitive strategies
can account for a significant amount of learning, particularly
during early adaptation and early readaptation (Mazzoni and
Krakauer 2006; Taylor and Ivry 2011; Taylor et al. 2014).
Accordingly, the second account of savings is that an explicit
strategy is the main, if not the only, contributor to savings
(Hadjiosif and Smith 2013; Huberdeau et al. 2019; Mazzoni
and Krakauer 2006). For visuomotor rotation in reaching
adaptation, people adapt to a novel visuomotor mapping, where
the hand-controlled cursor moves with a rotated angle relative
to the actual reaching direction. During adaptation, the explicit,
cognitive strategy is to aim in the opposite direction of the
rotation deliberately as opposed to aiming directly to the visual
target. Thus, the explicit strategy can be operationally quanti-
fied as the verbally reported, rotated reaching direction before
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each movement. Researchers have shown that faster readapta-
tion in the visuomotor rotation is largely driven by a quick
recall of this deliberate reaiming strategy (Haith et al. 2015;
Morehead et al. 2015). During the initial adaptation, the re-
ported aiming direction gradually deviates from the target
direction, signifying the formation of explicit strategy. Conse-
quently, savings observed during the readaptation is accompa-
nied by a quick recall of the reaiming strategy. There is also
other indirect evidence supporting the role of reaiming strategy
in savings. For example, savings is absent when a reaiming
strategy is not formed during initial adaptation due to overly
small perturbation size (Morehead et al. 2015). People also
have found that forcing participants to initiate movements
rapidly could prevent the use of explicit strategy (Fernandez-
Ruiz et al. 2011; Haith et al. 2015), consistent with the view
that the reaiming strategy is associated with slow, deliberate
cognitive processes. Furthermore, learning of an abrupt pertur-
bation for just a couple of trials suffices to induce savings on
the second day (Huberdeau et al. 2015); this fast learning is too
short for implicit learning to take its full effect, which typically
unfolds over tens of trials. Thus, this behavioral evidence leads
to the theorization that savings in sensorimotor adaptation is
mainly, if not solely, driven by forming and recall of an explicit
strategy.

However, these two accounts, the error-sensitive account
and the explicit strategy account, cannot be easily teased apart
since most studies employed an abruptly introduced perturba-
tion for the first and second learning epoch (Morehead et al.
2015). Thus, people simultaneously experience large and sa-
lient errors and form the explicit strategy, rendering dissocia-
tion of two competing accounts impossible. Here, by using a
novel experimental technique that has been shown only to
induce implicit learning, we show that savings is possible when
no explicit strategy is developed during initial learning (exper-
iment 1). Furthermore, though adaptation to gradually induced
perturbations is regarded as implicit learning without savings
(Herzfeld et al. 2014), our experiment, which requires partic-
ipants to report their aiming directions, found robust savings
after gradual adaptation (experiment 2). Some participants
develop an explicit strategy during gradual adaptation, but
other participants appear to adapt implicitly. Interestingly, their
saving effect is supported by enhanced implicit learning during
readaptation. Taken together, our study provides supporting
evidence that forming or retrieving an explicit strategy is not a
prerequisite for savings, and implicit learning and conceptual
learning can enable long-term retention of motor adaptation.

MATERIALS AND METHODS

Participants. A total of 86 right-handed participants (41 males;
average age � 22.47 � 2.64 yr) were recruited for two separate ex-
periments (n � 30, 56 for experiments 1 and 2, respectively). All
participants were naïve to the purpose of the study, signed an insti-
tution-approved consent form, and were paid to participate. All
experimental procedures were approved by the Institutional Review
Board of Peking University.

Experimental setup. Each participant sat in a height-adjustable
chair facing an LCD monitor, mounted vertically in front of them at
eye level. The monitor had a 19-inch screen with a refreshing rate of
60 Hz. A digitizing tablet (Wacom Intuos 4) was placed on the
horizontal desktop before the seated participant. A black paperboard
placed horizontally underneath the monitor occluded vision of the
hand. Each participant used the right hand to hold a digitizing pen

whose position was measured in real time by the tablet with a
resolution of 0.005 mm and a sampling frequency of 200 Hz. The data
acquisition codes were written in MATLAB (MathWorks).

Basic movements. Participants were instructed to make rapid cen-
ter-out shooting movements to eight radially arranged targets (white
disks, 8 pixels in diameter) placed on a 5-cm-radius circle with an
angular separation of 45°. The task required participants to use a
hand-controlled cursor to slide through the target as accurately as
possible. Their hand position was measured by the digitizing pen and
presented as a cursor (a green disk, four pixels in diameter) when
needed. At the beginning of each trial, a participant rested the
digitizing pen on a 4-mm plastic disk glued onto the tablet. The disk
was also used as an anchor to guide the participant to return the
unseen finger to the starting position after each trial. A visual starting
position, depicted as a yellow cross (4 pixels per line), was overlaid on
the plastic disk. The hand cursor was only visible within 4 mm around
the starting position. Once the finger stayed at the starting point for
100 ms, a target would appear, and a computer speaker sounded a
beep to signal the participant to move. The feedback cursor was
visible until the movement amplitude exceeded 5 cm. A beep sound
was also played to signal the participant to bring the finger back to the
starting position for the next trial once he/she stopped the movement.
A low-pitched tone warned the participant when he/she reacted and
moved too fast or too slow (reaction and movement time �200 ms or
�800 ms). Before formal data collection, the participant practiced a
few unperturbed trials to familiarize himself/herself with the required
movement speed.

Experimental procedures. Both experiments employed the visuo-
motor rotation paradigm with similar procedures (Fig. 1A). We
divided the experiment session into four consecutive phases: baseline,
initial learning, washout, and relearning. In the baseline phase, par-
ticipants received veridical cursor feedback for twenty 8-trial cycles,
each cycle requiring the participant to move his finger to one of the
eight targets once. The initial learning phase lasted for 40 cycles, with
different types of learning, depending on the experimental condition.
This phase was the critical phase for experimental manipulations. In
the relearning phase, participants experienced an abrupt perturbation
when the hand cursor was rotated 30° counter-clockwise (CCW) and
remained rotated for 40 cycles. Between the initial learning phase and
the relearning phase, we inserted the washout phase when participants
moved without the cursor feedback for 10 cycles and then with
veridical feedback for additional 20 cycles to wash out the apparent
effect of initial learning (Galea et al. 2015).

Experiment 1 consisted of three groups whose initial learning
involved different perturbations (Fig. 1B). The Control Group learned
the same abrupt 30° CCW rotation as in the relearning phase. As
shown by numerous previous studies (Krakauer et al. 1999, 2005;
Zarahn et al. 2008). The Control Group should exhibit a saving effect,
i.e., the relearning rate is larger than the initial learning rate, and this
rate increase is largely driven by the formation of an explicit strategy
(Haith et al. 2015). The second group, the Clamp Group, experienced
different cursor feedback during initial learning: the hand cursor was
never shown. Instead, a cursor moved synchronously with the hand
but offset 30° CCW (Fig. 1A). The participants were fully informed
that this cursor feedback would be invariant in direction, independent
of their actual movement direction. They were also instructed to
ignore the cursor feedback and move their hands directly toward the
target. Nevertheless, people would involuntarily move their hands in
the opposite direction of the clamped cursor, indicating a slow,
implicit learning process (Morehead et al. 2017). Subsequently, we
could examine whether pure implicit learning would lead to savings in
the relearning phase. The third group, the Gradual Group, went
through the same procedure as the Control Group, except for the
initial learning phase: their 30° CCW rotation was gradually imposed
with a rate of 0.0938° per trial. A previous study has shown that if the
30° perturbation is imposed gradually, people do not show savings
when adapting to a subsequent abrupt 30° perturbation (Herzfeld et al.
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2014). However, the two major accounts of savings appear to be
capable of explaining this absence of savings: the error-sensitivity
account could argue that gradual perturbations do not give participants
enough exposure of salient errors; the explicit strategy account could
argue that people could not develop reaiming strategy with small
errors, though this explanation has not been tested. Experiment 1
included the Gradual Group to check whether we could replicate
previous findings: if savings were absent, we would go a step further
to examine whether a failure of forming or recalling an explicit
strategy underlies the absence of savings in experiment 2.

Experiment 2 used a similar protocol to experiment 1 with three
newly recruited groups of participants. The critical difference was that
all participants would need to verbally report their aiming direction
before each shooting movement (Fig. 1B). As the aiming report is
typically associated with increased variance in reaching directions, we
increased the number of participants per group from 10 to 14 for both
Controlreport and Clampreport Groups. For the Gradualreport Group, we
found that about half of the participants did not form any reaiming
strategy throughout the initial learning phase when the visuomotor
rotation gradually ramped to 30°. We doubled the number of partic-
ipants for this group to 28 to have enough samples for both subgroups,
whose explicit learning was either present or absent during initial
learning. Note, the assignment of these two subgroups (Gradualstrategy

and Gradualimplicit) were not experimentally controlled but borne out
of participants’ actual performance.

The three groups differed slightly in the requested verbal reports of
aiming directions. Controlreport Group and Gradualreport Group were
required to report their aiming direction for every trial except the first
10 baseline cycles and the first 10 washout cycles (without veridical
feedback). The first 10 baseline cycles allowed the participants to
familiarize themselves with the reaching movement, and the last 10
baseline cycles allowed them to familiarize themselves with the
aiming report. Different from these two groups, the Clampreport Group
skipped the verbal report for the initial learning since they were
instructed to go straight to the visual target. Using the aiming report,
we can quantify explicit learning and then estimate implicit learning,
which is defined as the difference between the actual movement

direction and the aiming direction (Taylor et al. 2014). Importantly,
we can also probe what underlies savings during initial learning and
relearning.

To facilitate the report of aiming, each target was surrounded by a
ring of 21 numbered visual landmarks spaced 5.625° apart (labeled
from �10 to 10). The numbers were increasingly negative and
increasingly positive from the target in the counterclockwise and
clockwise directions, respectively (Fig. 1B). Before each movement,
the participants were instructed to report the landmark number they
planned to move to verbally. The reported aiming direction was
recorded by an experimenter. The eight targets were laid on an
8-cm-radius circle instead of 5 cm in experiment 1 to display discern-
ible landmarks. If the participant reported their aiming direction too
slow (�1,000 ms), a beep sound was played to remind them.

Data analysis. The direction of the shooting movement indicated
the participants’ adaptive response to the visuomotor rotation, which
was determined by computing the direction of the vector spanning
from the starting position to the position of the hand at the peak
outward velocity. We computed the relative angle (abbrev. angle)
between the movement direction and the target direction. A positive
angle indicates a clockwise rotation that compensates the CCW
rotation perturbation. We also computed each participant’s direction
biases associated with moving to different targets based on the last 10
baseline cycles. These direction-specific baseline biases were sub-
tracted from the movement directions obtained in later learning
phases.

In experiment 1, the Control Group reduced their directional errors
most rapidly within the first eight cycles. We compared their perfor-
mance between the initial learning phase and the relearning phase
cycle by cycle using paired t tests. After the 8th cycle, their perfor-
mance reached a plateau without a significant difference between
these two phases. Thus, we used the window from cycle 2 to cycle 8
to compute the learning rate and relearning rate for all of the groups
in experiment 1. The learning rate was operationally defined as the
average angle within the window. Thus, the larger the angle, the faster
people adapted to the perturbation initially. The difference in the
learning rate between the initial learning phase and the relearning
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Fig. 1. Experimental design. A: four phases of trials for experiments 1 and 2, i.e., baseline, initial learning, washout, and relearning phases. Participants were
randomly assigned to one of three groups for each experiment: Control Groups adapt to an abrupt 30° CCW visuomotor rotation during initial and relearning
phases. As shown by schematic trajectories with two different shades of gray, the learning is indicated as the hand direction gradually rotates over trials to bring
the cursor to land on the target. However, the angular perturbation (�) remains 30° for Control Groups. The Clamp Groups move their unseen hands to the target
while ignoring the time-locked, direction-invariant cursor feedback, which is 30° CCW to the target direction. As shown, their hands gradually rotates without
their awareness while the cursor moves with a constant offset of 30° counterclockwise of the target. Gradual Groups adapt to visuomotor rotation, which gradually
increases over trials. As shown, the angle � between the hand and the cursor linearly increases over trial cycles, reaching 30° in the last, 40th cycle. Experiment
2 but not experiment 1 required the participants to report their aiming directions before each trial verbally. B: decomposition of explicit learning and implicit
learning. On each trial in experiment 2, participants verbally reported the number corresponding to their aiming direction and then performed the movement. As
shown, the numerated landmarks are displayed around the target. By assuming that the verbal report indicates explicit learning, the magnitude of implicit learning
can be estimated by subtracting the aiming angle from the actual hand angle (Taylor et al. 2014).
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phase served as a measure of savings (for similar treatments, see
Huberdeau et al. 2015; Krakauer et al. 2005; Yin et al. 2016). We also
verified that our results were not sensitive to the choice of window
size, as all our major findings did not change if we increased the
window size, e.g., to cycle 12. For experiment 2, we used the reported
aiming direction as a proxy of explicit learning and decomposed the
savings into explicit and implicit components. Subsequently, the
amount of implicit learning was estimated as the difference between
the actual angle and the reported aiming angles (Taylor et al. 2014).
The window for savings spanned from the 2nd cycle to the 16th cycle,
since the Controlreport Group showed different performance between
the initial learning and relearning phase until the 16th cycle. We
calculated the explicit and implicit learning components within the
window for savings. As experiments 1 and 2 used a different window
size for savings, we also examined whether our results would be
sensitive to the choice of window size. We used a single window size
for all the group comparisons and varied the size from 2–8 to 2–20
cycles. We confirmed that the change of window size would not
change the outcomes of inferential statistics, with only one exception:
when compared with the Controlreport Group, the Clampreport Group
showed significant larger explicit learning using the 2–16-cycle win-
dow, but this difference became marginally significant (P � 0.07)
when using the 2–8-cycle window. Besides learning rate and savings,
for learning with clamped feedback and abrupt perturbations, we also
quantified the learning extent by computing the average angle over its
last five cycles. As the washout period was relatively short, partici-
pants showed residual adaptation before the relearning phase. We
analyzed the relearning performance by subtracting the residual ad-
aptation (the average angle over the last five cycles during washout)
and confirmed that all major findings still hold.

We were interested in whether the learning rate could be enhanced
after participants were exposed to different types of initial learning.
Thus, the relearning rates of the groups who experienced either
error-clamp learning or gradual learning were compared with the
Control Groups. For experiments 1 and 2, we compared the relearning
phase of these test groups with the initial learning phase of the Control
Group to examine possible saving effect when all these groups
encountered an abrupt 30° rotation for the first time. These tests were
performed with one-way ANOVA with independent samples. Note,
the same group comparison was also performed between the relearn-
ing phase of the test groups and the relearning phase of the Control
Group to examine whether their learning rates increased to a similar
level. Planned contrasts were conducted to specifically compare each
test group’s performance with that of the Control Group. Furthermore,
the saving effect within a Control Group was examined by paired t
tests (two-tailed), in which their initial learning and relearning was
compared. Independent t-tests were used when directly comparing
two samples when applicable. We also reported the Bayes factor (B)
when a t-test failed to detect a significant difference (Morey and
Wagenmakers 2014). The normality assumption was examined before
t-tests and ANOVA. All dependent variables satisfied the assumption.
Before the statistical analyses, we excluded trials in which the move-
ment direction was more than three standard deviations from the mean
for that cycle. This resulted in an average removal of less than 0.5%
of the trials per participant. The significance level was set at � � 0.05.

RESULTS

In experiment 1, we first established that participants showed
a substantial saving effect after participants only implicitly
adapted to error-clamped feedback. This suggests that savings
can be elicited without showing any strategic learning during
initial learning. In experiment 2, participants showed savings
after gradual learning only when they were additionally re-
quired to report their aiming directions before each trial.
Decomposing the total learning into explicit and implicit com-

ponents, we found that this faster readaptation was mainly
caused by expedited implicit learning, independent of whether
participants formed an explicit strategy during initial learning.

Experiment 1: adaptation without aiming reports. As ex-
pected, the Control Group showed significant savings when
participants learned the abrupt 30° perturbation for a second
time. After the baseline phase, participants gradually learned
the perturbation by increasing their movement angle to 30°,
which was the size of the visuomotor rotation (Fig. 2A). The
learning rate, defined as the average angle over the 2nd–8th
learning cycles, was 14.53 � 1.99° (average � SE, same be-
low). During the washout phase, the angle gradually decreased
toward a baseline of 0°, indicating that their adaptation dimin-
ished with time and veridical cursor feedback. During the
relearning phase, the learning rate increased to 23.85 � 1.29°,
which was significantly faster than the initial learning rate
[paired t test, t(9) � 6.53, P � 0.001] and demonstrating a
classical saving effect.

Compared with the Control Group, the Clamp Group expe-
rienced an initial learning phase with error-clamped feedback
rather than with an abrupt 30° visuomotor rotation. During
error-clamp learning, they showed a gradual shift of movement
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direction in the opposite direction of the rotated, clamped
cursor (Fig. 2B). Note this learning-related change was not
voluntarily controlled, as participants intended to move their
unseen hand straight to the visual target, but their hand invol-
untarily deviated from their intended movement direction,
which is regarded as one type of implicit learning (Morehead
et al. 2017). It led to a hand deviation of 13.18 � 2.98° during
the last five cycles, similar to what has been previously re-
ported (Morehead et al. 2017). Our Gradual Group adapted to
gradual perturbations during their initial learning, with an
average angle of 24.50 � 0.78° over the last cycle in this phase
(Fig. 2C). Thus, the Gradual Group experienced the largest
visual target error of 5.50 � 0.78°, which was far smaller than
the size of the rotation that would be imposed during the
relearning phase.

After the washout phase, the Clamp Group, but not the
Gradual Group, showed significant savings during the re-
learning phase when they encountered an abrupt 30° rotation
(Fig. 3).

The relearning rate was 20.98 � 1.30° and 16.84 � 1.32°
for the Clamp Group and the Gradual Group, respectively.
When comparing to the initial learning rate of the Control
Group, one-way ANOVA revealed a significant group differ-
ence (F2, 27 � 4.35, P � 0.02). Planned contrasts indicated that
only the Clamp Group learned significantly faster than the
Control Group [t(27) � 2.91, P � 0.01]. When comparing to
the relearning rate of the Control Group, one-way ANOVA
also showed a significant group difference (F2, 27 � 7.32, P �
0.003). Planned contrasts indicated that the Gradual Group
learned significantly slower than the Control Group [t(27) �
3.81, P � 0.001]. Thus, when compared with the performance
of the Control Group, initial learning with the clamped feed-
back, but not with gradual perturbations, led to savings. Nota-
bly, participants did not adapt with explicit strategy during
clamp learning.

Experiment 2: adaptation with aiming reports. With the
aiming report, the Controlreport Group in experiment 2 showed
a similar saving effect as the Control Group in experiment 1
(Fig. 4A). Participants adapted significantly faster during re-
learning with an initial learning rate of 17.21 � 1.50° and a
relearning rate of 25.94 � 1.06° (paired t-test, t(13) � 5.31,

P � 0.001). We also quantified the relative contribution of the
explicit and implicit learning to the adaptation performance.
Similar to previous research (Bond and Taylor 2015; Morehead
et al. 2015; Taylor et al. 2014), the initial learning phase was
characterized by a rapid increase of explicit learning and a
gradual increase of implicit learning (Fig. 4A). In contrast, the
relearning phase was characterized by a more rapid increase of
explicit learning and a relatively slow implicit learning. Thus,
the faster relearning rate is predominantly caused by faster
explicit learning: the explicit learning was significantly larger
in the relearning phase than in the initial learning phase
[20.72 � 2.43° and 9.42 � 1.96°, t(13) � 4.59, P � 0.001],
while no difference was found for the implicit learning
[5.22 � 2.96° and 7.79 � 1.67°, t(13) � �0.91, P � 0.38,
B � 0.39]. Overall, these results replicated the previous finding
that when experiencing an abrupt perturbation twice, the sav-
ing effect is largely caused by the recall of the acquired aiming
strategy (Morehead et al. 2015).

As in experiment 1, the Clampreport Group exhibited implicit
learning with the clamped feedback, with an average angle of
10.02 � 1.23° over the last five cycles (Fig. 4B). This learning
did not differ from that in experiment 1 [t(22) � 1.09, P � 0.29,
B � 0.58].

Aiming reports indicated that different participants in the
Gradualreport Group behaved differently when adapting to grad-
ual perturbations. We found that 16 out of the 28 participants
generated an aiming strategy during the gradual learning phase,
as their reported aiming direction differed from the actual
target direction (Fig. 4C). In contrast, the remaining 12 partic-
ipants always reported moving straight to the target, suggesting
a lack of strategy use (Fig. 4D). Thus, we separately analy-
zed these two subgroups of participants (Gradualstrategy
and Gradualimplicit Groups). The 16 participants in the
Gradualstrategy Group started to develop an aiming strategy at
varying times during initial learning, ranging from the 1st to
the 29th cycle, with a median value of 18.5. The average
performance error (the angular deviation from the target) they
saw when they started to reaim their reach was 2.82 � 0.58°.
The maximum reaiming angle ranged from 0.7° to 16.88°, with
a median of 5.27°. Thus, these participants showed a large
variance of their reaiming behavior in both timing and magni-
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tude. Nevertheless, their explicit learning was merely 2.99 �
0.86° for the last 10 cycles during the initial learning phase.

After washout, all three test groups, including the Clampreport
Group, the Gradualstrategy Group, and the Gradualimplicit Group,
exhibited savings when compared with the performance of the
Controlreport Group (Fig. 5A). Their relearning rate was
25.39 � 1.22°, 26.05 � 0.80°, and 22.02 � 1.01°, respectively
(Fig. 5D). When comparing to the initial learning rate of the
Controlreport Group, one-way ANOVA found a significant
group difference (F3, 52 � 12.62, P � 0.001). Planned con-
trasts indicated that the Clampreport Group [t(52) � 5.01, P �
0.001], the Gradualstrategy Group [t(52) � 5.59, P � 0.001], the
Gradualimplicit Group [t(52) � 2.83, P � 0.01] learned signifi-
cantly faster than the Controlreport Group. When comparing
to the relearning rate of the Controlreport Group, one-way
ANOVA also found a significant difference between groups
(F3, 52 � 3.14, P � 0.03). Planned contrasts indicated that all
test groups did not differ, except that the Gradualimplicit Group
learned slower than the Controlreport Group [t(52) � �2.60, P �
0.01]. These results indicated that all the test groups improved
their learning rate during the relearning phase, although the
effect of the Gradualimplicit Group was not as pronounced as
other groups.

We then compared the explicit component between the
test groups and the control group (Fig. 5B). Their explicit
learning rate within the saving window was 15.09 � 1.89°,
12.31 � 1.81°, and 3.56 � 1.56° for the Clampreport Group,
the Gradualstrategy Group, and Gradualimplicit Group, respec-
tively (Fig. 5D). When comparing to the initial learning rate
of the Controlreport Group, one-way ANOVA showed a
significant group difference (F3, 52 � 6.64, P � 0.001).
Planned contrasts revealed that the Clampreport Group had
significantly more explicit learning [t(52) � 2.18, P � 0.03]
but the Gradualimplicit Group had significantly less explicit
learning than the Controlreport Group [t(52) � �2.17, P �

0.04]. When comparing to the relearning rate of the
Controlreport Group, one-way ANOVA showed a significant
group difference again (F3, 52 � 12.07, P � 0.001). Planned
contrast revealed that the Clampreport Group [t(52) � �2.02,
P � 0.049], the Gradualstrategy Group [t(52) � �3.12, P �
0.003], and the Gradualimplicit Group (t(52) � �5.92, P �
0.001) had significantly less explicit learning when com-
pared with the Controlreport Group. Taken together, the
Clampreport Group, but not the two gradual learning groups,
relied on explicit learning when they showed their savings
during relearning. In fact, the explicit learning in the
Gradualimplicit Group was significantly reduced.

We also compared the contribution of implicit component
among all test groups and the Controlreport Group (Fig. 5C). Their
implicit learning rate within the saving window was 10.30 �
1.17°, 13.74 � 1.53°, and 18.46 � 1.25° for the Clampreport
Group, the Gradualstrategy Group, and the Gradualimplicit Group,
respectively (Fig. 5D). When compared with the initial learning
rate of the Controlreport Group, one-way ANOVA found a signif-
icant group difference (F3, 52 � 9.41, P � 0.001). Planned con-
trasts revealed that the Gradualstrategy Group [t(52) � 3.00, P �
0.004] and the Gradualimplicit Group [t(52) � 5.01, P � 0.001] had
significantly larger implicit learning than the Controlreport Group.
When compared with the relearning rate of the Controlreport
Group, one-way ANOVA also found a significant group differ-
ence (F3, 52 � 8.17, P � 0.001). Planned contrasts revealed that,
again, the Gradualstrategy Group [t(52) � 3.29, P � 0.002] and the
Gradualimplicit Group [t(52) � 4.75, P � 0.001] had significantly
larger implicit learning than the Controlreport Group. Together,
these results indicated that implicit learning was enhanced for the
two gradual learning groups, while explicit learning was enhanced
for the Clampreport Group.

The Gradualstrategy Group did not show an enhanced explicit
learning rate within the window of savings, but we observed a
sign of possible recall of explicit strategy (Fig. 5B, indicated by
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an arrow). For the 2nd and 3rd cycle, the Gradualstrategy Group
showed larger explicit learning when compared with the
Controlreport Group’s initial learning [15.64 � 2.45° vs. 7.73 �
1.98°, independent t test, t(28) � 2.51, P � 0.02]. In fact, they
did not differ from the Controlreport Group’s relearning
[t(28) � 1.13, P � 0.27, B � 0.56]. However, this increase in
explicit learning was only temporary, and it gradually de-
creased in the following cycles, suggesting that these partici-
pants did not continue to rely on strategic learning after its brief
recall. At the end of the relearning phase, their implicit learning
amounted to 22.11 � 1.84, a 76.66% percentage of total learn-
ing, which was significantly larger than that of the Controlreport
Group [t(28) � 3.04, P � 0.011]. These results suggest that the
saving effect shown by the Gradualstrategy Group was mainly
driven by implicit learning, although a brief recall of strategic
learning was observed. A similar reliance on implicit learning
was also present in the Gradualimplicit Group: their average
explicit learning at the end of the relearning (the last five
cycles) was merely 2.81 � 1.32°, but their average implicit
learning was 24.80 � 1.21°. Thus, after the Gradualimplicit
Group implicitly learned the gradually imposed rotation, and
their subsequent savings were accompanied by substantially
faster implicit learning.

In contrast to experiment 1, adaptation to gradual perturba-
tions started to lead to savings in experiment 2. The critical
change from experiment 1 was that the participants were
required to report their aiming directions (Fig. 6). During the

initial learning phase, we found that the Gradualstrategy

Group countered the gradual perturbations better than the
Gradualimplicit Group and the Gradual Group from experiment
1 in the last 10 cycles (data not shown). The latter two groups
did not differ, suggesting that participants in experiment 1
appear to learn implicitly when not required to report aiming.
With aiming reports, some of the participants would develop
an aiming strategy, and more closely follow the gradual per-
turbation than other participants without aiming strategy. De-
spite these group differences, error experienced by all three
groups were quite small: the average error during initial learn-
ing was 3.99 � 0.33°, 2.19 � 0.23°, and 3.40 � 0.43° for the
Gradual, Gradualstrategy, and Gradualimplicit Groups, respec-
tively. In Fig. 6, we summarize possible key differences
between groups who underwent gradual adaptation. The grad-
ual adaptation was previously viewed as implicit learning with
small sensory prediction errors. The setting of verbal reports of
aiming presents participants extra visual landmarks (including
tick marks and numbers) around the target when the reaching
end point feedback is simultaneously shown. While the two
groups with aiming reports showed robust savings, the
Gradualstrategy Group briefly recalled the explicit strategy dur-
ing relearning, although their overall explicit learning did not
differ from the control group. In contrast, the Gradualimplicit
Group did not show any strategy during the initial learning;
their explicit learning remained small throughout the relearning
phase. The explicit learning contributed more for the
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Gradualstrategy Group than for the Gradualimplicit Group
[t(26) � 3.51, P � 0.002], and the implicit component contrib-
uted more to the Gradualimplicit Group than to the Gradualstrategy
Group [t(26) � 2.27, P � 0.03].

DISCUSSION

Understanding what is acquired and retained in memory is
critical for cognitive neuroscience. Our study provides support-
ing evidence that savings for sensorimotor adaptation is inde-
pendent of forming or recalling an explicit movement strategy.
First, forming an explicit strategy during initial learning is not
a prerequisite for savings since Clamp Groups (experiments 1
and 2) only implicitly learned from sensory prediction errors
but still showed robust savings in delayed tests. Second, quick
recall or formation of an explicit strategy during relearning is
not necessary for savings since faster relearning in the
Gradualreport Group (experiment 2) is mainly driven by en-
hanced implicit learning during relearning, independent from
whether an explicit strategy is formed during initial learning
(as shown by both Gradualstrategy and Gradualimplicit Groups).
These findings are at odds with the predictions of the explicit
strategy account of savings, which attributes the faster relearn-
ing rate to a quick recall of adaptation strategy only, and
further suggest that sensorimotor adaptation involves a dy-
namic interplay between implicit and explicit learning that is
contingent on the specifics of learning protocol and available
sensory feedback.

Savings without strategic learning. The error sensitivity
account (Herzfeld et al. 2014) and the explicit strategy account
(Morehead et al. 2015) differ by the necessary conditions for
savings to occur. The former emphasizes the importance of
experiencing similar sensory prediction errors (see also Leow
et al. 2016), while the latter stresses the importance of forming
an aiming strategy during initial learning. However, forming an
explicit strategy requires large perturbations and salient errors
(Morehead et al. 2015; Redding and Wallace 1993; Taylor et
al. 2014). This is why the common paradigm to study savings
is to abruptly introduce a large perturbation and sustain it over
subsequent trials when people can generate an aiming strategy.
On the other hand, if the perturbation size is small (Bond and
Taylor 2015; Morehead et al. 2015; Taylor et al. 2014) or

gradually introduced (Herzfeld et al. 2014; Werner et al. 2014),
explicit learning, if there is any, will only constitute a small
proportion of the total learning. The dependence on large and
abrupt perturbations creates a dilemma: people inevitably de-
velop an explicit strategy and experience salient errors simul-
taneously, rendering the isolation of their contributions to
savings impossible. Interestingly, for other motor learning
paradigms, such as sequence learning, explicit learning and
implicit learning can be readily differentiated by task instruc-
tion, and their specific neural correlates could then be exam-
ined (Sami et al. 2014). However, the same instruction manip-
ulation is not applicable to sensorimotor adaptation since, even
without explicit instruction, people still develop an explicit
strategy as long as the errors are salient (Huberdeau et al.
2015).

Using the task-irrelevant clamped feedback, we circumvents
this methodological constraint. The clamped feedback has been
shown to induce implicit learning of sensory prediction error,
which is critical for sensorimotor adaptation (Morehead et al.
2017). As the participants are instructed to ignore the clamped
feedback that is angularly offset from the target direction, they
do not develop an explicit aiming strategy for visuomotor
rotation. Their hand gradually deviates from the intended target
direction without their awareness, indicating an implicit, sen-
sory prediction error-driven learning. Importantly, while stra-
tegic learning is not observed during initial learning, the saving
effect manifests itself when an abrupt perturbation is intro-
duced during readaptation. Therefore, results from the Clamp
Group indicate that forming an explicit strategy a priori is not
a prerequisite for savings.

Aiming reports in experiment 2 revealed that the participants
developed an explicit strategy faster than the Controlreport
Group during relearning. Why is strategic learning enhanced
after error clamp learning? Error clamp learning requires the
participants to ignore the task-irrelevant cursor and, thus,
prevents forming strategic reaiming to correct for sensory
prediction error. Hence, by instruction and by viewing the
clamped feedback, the participant can learn that the cursor can
be angularly rotated from their movement direction. This is a
cognitive concept that is not immediately expressible in move-
ments during error clamp learning, which is dominated by
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implicit learning. This kind of conceptual learning, though not
manifested during initial learning, is possible to benefit future
adaptation to visual perturbations that share the same concep-
tual structure, i.e., rotated visual representation of movements.
The idea of conceptual learning has been shown in the realm of
perceptual learning. For example, orientation discrimination of
luminance gratings, initially encoded in V1, and orientation
discrimination of bilaterally symmetric dot patterns, encoded
in the higher visual cortex, can be completely transferred
between each other (Wang et al. 2016). This stimulus-invariant
learning transfer suggests that perceptual learning of discrim-
inating elemental visual features involves learning on the
conceptual level, e.g., acquiring abstract rules of orientation
discrimination from simple visual features (Maniglia and Seitz
2018; Wang et al. 2016). We postulate that similar conceptual
learning occurs in the error clamp learning since the clamped
cursor feedback carries the rules of rotated visuomotor repre-
sentation. If this is the case, the observed implicit learning
during clamped feedback did not directly contribute to savings.
Instead, people learned the rule of visuomotor rotation without
immediate behavioral expression, and the learned rule enabled
the fast formation of strategic reaiming in the relearning phase.
Note, the conceptual learning here is different from strategic
reaiming: the former is learned without immediate behavioral
measures, while the latter is readily probed by verbal reports.
If conceptual learning enables savings, then implicit learning
during clamped feedback would not be the direct contributor to
savings.

The results from the Gradualreport Groups in experiment 2
indicate the essential role of implicit learning for savings,
particularly in the relearning phase. First, the Gradual Group
without aiming report in experiment 1 did not show any
savings, replicating early findings (Herzfeld et al. 2014). The
gradually introduced visuomotor rotation has been suggested to
prevent the formation of explicit strategy (Codol et al. 2018),
but this has not been tested directly. Our experiment 2 showed
that gradual adaptation could elicit strategic learning
among some participants, since 16 out of 28 participants
(Gradualstrategy Group) generated explicit reaiming strategy
during gradual adaptation, although their reported aiming off-
set was small (�5° on average). The Gradualimplicit Group
consisted of the other 12 participants, did not generate a
reaiming strategy and were probably unaware of the gradually
introduced perturbation. Importantly, no matter whether they
generated an explicit strategy initially, both groups showed
savings after gradual adaptation. The Gradualstrategy Group
showed a sign of recalling their strategy, mostly in the second
and third cycles during readaptation, but their saving effect was
still mostly caused by enhanced implicit learning. Interestingly,
the Gradualimplicit Group yielded faster relearning based on
faster implicit learning, while their explicit learning remained
significantly smaller than that of the Control Group. In fact,
their explicit learning remained small throughout the readap-
tation phase, indicating that the development of the explicit
strategy was affected by previous adaptation to gradual pertur-
bations. Hence, on the basis of findings from experiments 1 and
2, we can conclude that neither acquiring an explicit strategy
during initial learning nor a rapid recall/formation of it during
readaptation is necessary.

Our findings also deviate from the predictions of the original
error-sensitivity account. First, the error-sensitivity account

emphasizes that the memory of similar errors leads to enhanced
error responsivity for later learning (Herzfeld et al. 2014). Our
results with clamped feedback, if not purely caused by con-
ceptual learning, appear to suggest that experiencing sensory
prediction errors facilitates subsequent strategic learning. Sec-
ond, previous research emphasized that the errors during initial
adaptation should be similar in terms of signs and magnitudes
to those experienced during readaptation (Herzfeld et al. 2014;
Leow et al. 2016). However, our participants did not experi-
ence similar errors during the gradual learning as during the
readaptation phase: their performance error and sensory pre-
diction error remained small (~3°) during initial learning. Once
the gradual adaptation was coupled with aiming reports, the
exposure of these small errors was still able to elicit a robust
saving effect. Thus, similar performance error or sensory
prediction error is not necessary for savings to occur. Recent
research on so-called structural learning in motor adaptation
have also provided supporting evidence for this conclusion:
researchers have found that exposing people to the visuomotor
rotation of random sizes and directions led to faster subsequent
adaptation to abrupt rotation perturbations (Bond and Taylor
2017; Braun et al. 2009; Turnham et al. 2012). Among these
studies, the random rotations experienced during initial learn-
ing also differed from the abrupt rotation experienced during
relearning in both sign and magnitudes (Bond and Taylor 2017;
Turnham et al. 2012). Thus, exposure to similar errors is not
necessary for inducing savings, contradictory to the original
error-sensitivity account (Herzfeld et al. 2014), as well as
related computation models (Takiyama et al. 2015).

It is noteworthy that recent studies also examined whether
structural learning is implicit or explicit. One study reported
that extensive practice with perturbations changes involuntary
visuomotor reflexes, suggesting that implicit learning consti-
tutes an important part of structure learning of motor adapta-
tion (Kobak and Mehring 2012). Nevertheless, a study on
visuomotor rotation has found that the saving effect from
structural learning is mainly expressed via explicit reaiming
(Bond and Taylor 2017). Thus, both implicit and explicit
learning might support structural learning and its related saving
effect; their relative contributions might critically depend on
the specifics of the learning session.

Error saliency plays an important role in inducing savings.
Without forming or recalling an explicit strategy, how should
we explain the saving effect enabled by clamped feedback and
gradual adaptation? We propose that exposure to salient sen-
sory prediction errors might be a common cause for the saving
effect observed in different conditions. Previous studies distin-
guished implicit and explicit learning by checking whether
people are aware of perturbations, or by related error signals
where implicit learning and explicit learning are argued to rely
on sensory prediction error and performance error, respectively
(Taylor and Ivry 2011, 2014). For visuomotor rotation adap-
tation, in particular, the sensory prediction error is defined as
the angular difference between the aiming direction and the
end point feedback direction, and performance error is defined
as the angular difference between the target and the hand-
controlled cursor. In our experiment, error-clamp learning
involves a cursor moving with an angular offset from the
intended movement direction, and theoretically, this leads to a
consistent 30° sensory prediction error but no performance
error since no hand-controlled cursor is presented. Thus, large
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persistent sensory prediction error and a lack of observable
strategic learning characterize the clamp learning. On the other
hand, gradual learning involves trial-by-trial adaptation to
gradually increasing rotations. Participants’ intended move-
ment direction slightly lags behind the actual rotation of the
cursor, resulting in small sensory prediction errors (Figs. 2 and
4). Although participants in the Gradualstrategy Group devel-
oped an explicit strategy, they experienced the sensory predic-
tion errors of similar magnitudes as those in the Gradualimplicit
Group without forming an explicit strategy. Thus, participants
with gradual adaptation also experienced a large number of
trials with sensory prediction errors, though the error magni-
tude was substantially smaller than 30°. Thus, exposure of
sensory prediction error is the common denominator for initial
learning, not only for the diverse learning conditions in the
present study, but also for all the existing data sets in visuo-
motor rotation adaptation that support the saving effect (Haith
et al. 2015; Herzfeld et al. 2014; Morehead et al. 2015).

In experiment 2, explicit reports of aiming direction enabled
otherwise absent savings after gradual adaptation. This result is
puzzling at first sight, given that previous research has found
that explicit reports of aiming do not affect adaptation perfor-
mance (Bond and Taylor 2017; Taylor et al. 2014). It is worth
noting that our participants, with or without aiming reports,
experienced similar performance errors and sensory prediction
errors. We postulate that there are two major changes brought
about by explicit reports of aiming, both leading to more
elaborate processing of sensory prediction error (Fig. 6). First,
in addition to typical terminal feedback of the cursor, the
participants were presented with tick marks and numbers
around the visual target for reports of the aiming direction (Fig.
1). These landmarks might serve as augmented feedback to
enhance the saliency of sensory prediction errors. This postu-
lation is substantiated by the finding that providing participants
landmarks for aiming increases implicit learning, which de-
pends on sensory prediction error (Taylor and Ivry 2011).
Furthermore, increasing the error saliency was recently shown
to enhance the generalization of savings. For visuomotor rota-
tion adaptation, the generalization of savings diminishes as a
function of the angular separation between the learned direc-
tion and the generalization direction (Jiang et al. 2018; Yin et
al. 2016). However, if errors are made more obvious by asking
participants to move in orthogonal as opposed to oblique
directions, or by displaying additional visual cues (a plain line
between the target and the starting position in an identical
experimental setup as in the current study), the limited gener-
alization of savings can be enhanced (Jiang et al. 2018).
Second, verbal reports of aiming itself might promote the
processing of sensory prediction error. To report the aiming
direction in each trial, participants are expected to carefully
evaluate the visual feedback provided at the end of the move-
ment, potentially leading to more elaborate processing of
sensory prediction error. Thus, we tend to attribute the savings
enabled by verbal reports of aiming to improved error process-
ing during initial learning.

The intriguing relationship between implicit and explicit
learning. Researchers originally intuited that cerebellar pa-
tients would rely more on strategic learning for countering
perturbations, given their cerebellar lesion and compromised
implicit learning. However, this is not supported by empirical
findings. Cerebellar patients were equally impaired when

adapting to gradual perturbations, which invoke more implicit
learning, and abrupt perturbations, which invoke more explicit
learning (Gibo et al. 2013; Schlerf et al. 2013; Smith and
Shadmehr 2005). More evidence comes from a recent study
showing that for visuomotor rotation, cerebellar patients dem-
onstrated profound deficits not only in implicit learning (e.g.,
reduced aftereffect) but also in forming the explicit strategy
(Butcher et al. 2017). Their impairments in both types of
learning cannot be explained by their excessively large motor
variance (see also Schlerf et al. 2013). Although the impair-
ment in strategic learning has been argued to imply a possible
role of the cerebellum in forming an action-outcome associa-
tion (Butcher et al. 2017), we postulate that cerebellar process-
ing of sensory prediction error is related to, instead of inde-
pendent from, forming explicit strategy. Thus, it is possible
that the impairment in implicit learning might be the cause of
impaired explicit learning.

In fact, previous behavioral studies also provide indirect
evidence that implicit learning interacts with explicit learning
during sensorimotor adaptation. As we noted before, strategic
reaiming can be prevented if the preparation time for move-
ment is sufficiently short, a behavioral hallmark that reaiming
is, indeed, deliberate cognitive control (Haith et al. 2015). A
recent study found that this time constraint can be alleviated
after repetitively exposed to abruptly introduced rotation per-
turbations (Huberdeau et al. 2019). In other words, with suf-
ficient practice, the explicit learning that supports savings
becomes more automatic and implicit. This finding echoes with
the tenet in skill learning that learning progresses from an early
phase that is cognitively demanding to a late phase that is more
automatic and less effortful (Fitts and Posner 1967; Kelly and
Garavan 2005). These findings suggest that the contribution of
implicit and explicit processes to sensorimotor learning con-
stantly changes. Accordingly, our findings also suggest that the
dichotomy between implicit and explicit learning does not fully
capture the savings in sensorimotor adaptation, echoing the
recent scrutinization about the intriguing relationship between
procedural and declarative knowledge (Stanley and Krakauer
2013).

Our quantification of explicit learning relied on verbal re-
ports of aiming, which might not be an unbiased measure of
explicit learning. Using shortened preparation time to prevent
strategic reaiming, Leow and colleagues recently found that the
estimated implicit learning was larger than what was obtained
from verbal reports (Leow et al. 2017). Similarly, de Brouwer
and colleagues used eye fixations before reaching movements
to probe strategic learning. Although the verbally reported
aiming direction was found to closely match the fixation-
estimated direction, the verbal report itself made more partic-
ipants fixate the reaiming direction with a faster adaptation
rate, suggesting more participants used reaiming strategy (de
Brouwer et al. 2018). Thus, these two alternative approaches
both indicated that verbal reports of aiming might overestimate
the explicit learning despite the fact that they qualitatively
match. If a similar overestimation of explicit learning exists for
our data set, it will imply that the enhanced implicit learning in
the two gradual learning groups is underestimated, further
supporting that the observed savings is implicitly learning-
based. Nevertheless, our finding that verbal reports of aiming
enabled otherwise absent savings after gradual adaptation de-
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mands more scrutiny about possible biases in the method of
verbal reporting.

Neural correlates of savings and the relative contribution of
explicit and implicit learning. Neurophysiological studies on
neural correlates of savings in sensorimotor adaptation have
produced conflicting results. For example, a recent study has
found that neural correlates of savings include areas related to
cognitive processes, including striatal, parietal, and cingulate
cortical areas (Ruitenberg et al. 2018). These authors, thus,
conclude that the savings relies on cognitive strategies or
explicit learning (see also Della-Maggiore et al. 2017). In
contrast, another study has found that participants with higher
resting-state functional connectivity among default mode net-
work (DMN) regions show more savings for visuomotor rota-
tion adaptation (Cassady et al. 2018). As connectivity of DMN
is anticorrelated with brain regions that are involved in cogni-
tive control, these authors reach an opposite conclusion that
savings is related to the procedural stages of sensorimotor
adaptation, which is facilitated by the resting-state connectivity
of DMN.

However, all these neurophysiological studies examined
savings by repetitively exposing participants to abruptly in-
duced perturbations in different learning sessions, and this
treatment will inevitably lead to large explicit learning during
initial training and faster recall of explicit learning during later
training. Thus, it is not surprising that neural correlates of
savings include various regions that are associated with cog-
nitive processes pertinent to explicit learning. As our findings
show that with proper experimental treatment savings in sen-
sorimotor adaptation can be obtained by increased explicit or
implicit learning, the neural correlates of savings are likely to
vary depending on specific of learning protocols and available
feedback. Furthermore, the neurophysiological basis for the
interaction between implicit and explicit learning is understud-
ied. For instance, the cerebellum is conventionally emphasized
as the neural substrate for sensory prediction error-based learn-
ing (e.g., Tseng et al. 2007), but it also has extensive direct
connections with prefrontal cortex, the locus of cognitive
control with an implied role in saving effect (Kelly and Strick
2003; Seidler et al. 2017), and posterior parietal cortex, the
critical area for visuomotor transformation (Clower et al. 1996;
Tanaka et al. 2009). Network-level analyses have highlighted
the role of the cerebellum in the dynamic interplay of the
cerebellar-thalamic-cortical network that supports the learning
and retention of sensorimotor adaptation (Della-Maggiore et al.
2017; Mawase et al. 2017; Ruitenberg et al. 2018). Given that
the cerebellum processes sensory prediction error and perfor-
mance error at the same time, we postulate that it contributes to
both implicit learning and strategic learning. In particular,
strategic learning can be viewed as an improvement in action
selection, and how the cerebellum affects action selection is
still under debate and needs further studies (Taylor and Ivry
2014).

Conclusions. Beyond motor adaptation, savings often man-
ifests itself as implicit learning for various learning systems,
including classical (Medina et al. 2001) and operant condition-
ing (Lebrón et al. 2004), perceptual learning (Liu and Wein-
shall 2000), semantic learning (Ebbinghaus 1913), motor skill
learning (Dayan and Cohen 2011), and motor adaptation (Ko-
jima et al. 2004; Krakauer et al. 2005). Thus, without an
explicit strategy or elaborate cognitive control, people can

exhibit faster relearning for classical conditioning, operant
conditioning, perceptual learning, and improvement in motor
acuity. Especially for motor skill learning, humans also dem-
onstrate a saving effect without verbal knowledge about how it
is achieved, a phenomenon often referred to as warming up
effect in skill acquisition (Schmidt and Lee 2005). In this light,
verbally reporting an adaptation strategy to counter a simple
perturbation, as for visuomotor rotation, could be considered as
a special case among diverse learning phenomena. Here, we do
not mean to argue that explicit strategy is not used for savings
in sensorimotor adaptation. After all, it is indisputable that
people develop an explicit strategy for countering visuomotor
rotation when this perturbation is introduced abruptly, and they
can quickly recall this strategy during readaptation when the
same or similar perturbations are presented. However, our
findings indicate that explicit strategy is not necessary for the
long-term learning effect of sensorimotor adaptation. Implicit
learning, based on salient sensory prediction error, and con-
ceptual learning, based on systematic action-outcome associa-
tion, can support savings.
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