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Abstract
The brain rapidly adapts reaching movements to changing circumstances by using visual
feedback about errors. Providing reward in addition to error feedback facilitates the adaptation but the underlying mechanism is unknown. Here, we investigate whether the proportion
of trials rewarded (the ‘reward abundance’) influences how much participants adapt to their
errors. We used a 3D multi-target pointing task in which reward alone is insufficient for
motor adaptation. Participants (N = 423) performed the pointing task with feedback based
on a shifted hand-position. On a proportion of trials we gave them rewarding feedback that
their hand hit the target. Half of the participants only received this reward feedback. The
other half also received feedback about endpoint errors. In different groups, we varied the
proportion of trials that was rewarded. As expected, participants who received feedback
about their errors did adapt, but participants who only received reward-feedback did not.
Critically, participants who received abundant rewards adapted less to their errors than participants who received less reward. Thus, reward abundance negatively influences how
much participants learn from their errors. Probably participants used a mechanism that
relied more on the reward feedback when the reward was abundant. Because participants
could not adapt to the reward, this interfered with adaptation to errors.

Introduction
Anne’s first beach ball game of the holiday was a frustrating experience: somehow all her balls
ended far right of Andy where he could not reach for them. When there are consistent errors
in the movements, the brain needs to ‘adapt’ to these biases. This process of bias reduction has
been widely studied in visuomotor adaptation paradigms in which participants are exposed to
a (rotational) perturbation of visual feedback about their movement. These studies have
shown that several processes contribute to the adaptation: use-dependent plasticity, implicit
adaptation to ‘sensory prediction errors’, reward-based reinforcement learning and explicit
updating of aiming strategy to name a few (for reviews see [1–3]). Here we focus on the combination of two classes of information involved in adaptation: error and reward.
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The difference between the planned trajectory of the ball and the actual trajectory provides
you with the error you made. This error contains information about the direction in which a
correction should be made in the next movement. Noticing that the ball travelled the planned
trajectory provides a reward. The absence or presence of a reward provides information on
whether or not a correction is needed, but not about the direction of this correction. As error
and reward provide different types of information, they are held to drive different mechanisms
of adaptation [4, 5]. Errors drive mechanisms that rely on correcting the next movement plan
with a fraction of the error (e.g. [6, 7–10]). We call this fraction the ‘error sensitivity.’ Rewardbased or ‘reinforcement’ learning on the other hand, relies on a combination of exploration
and biasing future movement towards rewarded movements [4, 11, 12].
Recent work shows that adding reward to error enhances the overall adaptation. Providing
explicit information about success in the form of score rewards can change the speed of adaptation [13–15] and can also improve the retention of adaptation [16–18]. Two explanations
have been given for these findings. First, motivational feedback may enhance the sensitivity to
error, motivating you to learn more from your errors [13, 19]. Second, reward-based learning
may add to error-based learning [4, 13, 19].
In a previous study we found that 3D motor adaptation to endpoint errors was not influenced by binary reward. We attributed this to the fact that the reward in isolation was insufficient for motor adaptation [20], and proposed that reports of enhanced adaptation are due to
an addition of error-based and reward-based learning. Alternatively, the influence of reward
on motor adaptation could depend on the properties of the reward rule. For instance the proportion of trials rewarded (‘the reward abundance’) may have led to a low motivational value
of the rewards such that no measurable influence was found. Here, we test whether the abundance of binary rewards influences motor adaptation.
Participants performed a 3D pointing task that does not induce reward-based adaptation
[20]. They pointed to different targets while performance feedback was based on a leftward
shifted hand position. Participants were randomly assigned to groups that received positive
binary reward feedback for different proportions of trials (low, medium, high). In addition, we
compared groups that only received reward feedback (‘reward only’ condition) to groups that
received a combination of error and reward feedback (‘reward + error’ condition). To check
whether motivation is influenced by reward abundance, we measured motivation immediately
after the experimental tasks. If error-based and reward-based adaptation are additive, we
expect no influence of reward abundance in the reward + error condition. If reward abundance influences how much participants learn from their errors, we expect an interaction
between reward abundance and feedback (reward only, reward+error).

Methods
Participants
The study took place in science center Nemo in Amsterdam (www.nemosciencemuseum.nl)
as part of their Science Live program (www.sciencelive.nl). Participants were visitors who volunteered to take part, reported to be healthy and were aged between 8 and 65 years. To avoid
excluding museum visitors from a museum experience, exclusion criteria that were not related
to safety (eye anomaly > 2 diopters, stereo acuity > 100 arcsec, not following the instructions)
were applied post-participation but before data analysis. Participants who normally wear contact lenses performed the experiment with their contact lenses, whereas participants who normally wear glasses performed the experiment without their glasses. The study was approved by
the Ethics committee of the Faculty of Behavioural and Movement Sciences of the Vrije Universiteit in Amsterdam and all participants provided written informed consent before
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participating in the experiment. For participants younger than 12 years, a parent signed, for
participants 12–16 years old both the child and the parent signed and participants of 16 years
or older signed for themselves. Of the 538 initial participants 423 were included in the data
analysis (mean age 20.46, SD 14.25; 39 left-handed, 384 right-handed; 193 female, 230 male;
380 Dutch-speaking, 43 non-Dutch speaking). For participants who did not follow the instructions, for instance because they walked around to ‘test’ the VR world, this was noted on their
informed consent form. A video impression of the experiment can be viewed online: https://
www.youtube.com/watch?v=woRjQ6LeP8U.

Design
The effect of reward on motor adaptation was assessed in a four (reward) by two (feedbacktype) between-participants design. There were two feedback conditions: participants in a
‘reward only’ condition only received reward feedback whereas participants in a ‘reward
+ error’ condition received a combination of reward and error feedback. There were four
reward conditions, three that varied the reward abundance (low, medium, high) and an additional ‘random’ group for whom trials were rewarded at random. Participants were assigned to
the eight groups in a pseudo-random order such that different ages were equally represented
in the different groups.

Materials
We used a Microsoft Kinect for movement registration, an Oculus Rift DK2 for visual display
(resolution 1080 by 1200 for each eye, refresh rate 90 Hz) and Unity 3D for software programming. The Kinect sensor (Fig 1A) was placed onto a tripod at a height of 1.50 meters above the
floor, at a distance of approximately 2 meters from the participant and sampled the movement
of the dominant hand at a rate of 30 Hz (field of view of 43 by 57 degrees). The Oculus Rift was
personalized by setting the player height and interpupillary-distance in the Oculus Rift application. The Oculus positional tracker was attached onto the Kinect such that the lenses of the
position tracker and of the Kinect sensor were vertically aligned. To be able to render feedback
about the hand position from a first person perspective, we calibrated the coordinate systems
of the Oculus Rift and Kinect position data as described in the procedure. During the experiment the perspective from which the participant viewed the stimuli was updated to the tracked
position and orientation of the headset, simulating a stable world.

Procedure
After participants provided written informed consent, their stereo acuity was measured with
the Stereo Fly test and the inter-pupillary-distance was measured with a ruler. Participants in
the reward-only condition were told that their task was to ‘catch’ virtual flies by bringing their
dominant hand to the position where they saw the flies and holding their hand still waiting
until the next fly appeared. Participants in the reward + error condition received the same
instruction and in addition were told that they would see a red sphere at the position where
they had ended their movement which would help them to catch more flies. After having been
instructed, participants performed the pointing task, taking about 8 minutes. Two experimenters tested two participants simultaneously, with the participants standing next to each other
separated by a room divider.
The participant was asked to stand on an indicated area at 2 meters distance from the
Kinect, and was asked to put on the headset. The pointing task started with a calibration procedure. The participant was instructed to stand still, while facing the Kinect camera and extending the arms such that we could record the position of the Oculus Rift headset with the build-
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Fig 1. A) Experimental set-up showing how the trial area was drawn based on participants’ arm length. B) Cartoon illustration of the 10 cm leftward perturbation
of the position on which the feedback was based. The blue fly was the movement target. C) Procedure, the dotted line indicates the lateral perturbation. D) Cartoon
illustration of how the reward depended on the error in the different reward conditions. E) Reward only and reward + error feedback conditions.
https://doi.org/10.1371/journal.pone.0193002.g001

in ‘RecenterPose’ function. Next, the Kinect data were centered on this headset position, and
aligned with the Kinect floor plane orientation. As a result the coordinate system was centered
on the center of the headset and the area in which targets were presented (trial area) was
defined based on arm length (al; the depth position of the extended dominant hand; Fig 1A).
When visual inspection confirmed that the arms were properly extended, a button was pressed
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to record al and the center of the trial area was positioned relative to the position of the headset
at that moment at: 0.7  al in front, 0.6  al below and 0.5  al to the right. The size of the trial
area was a cube with legs measuring 0.5  al. To introduce a constant bias that participants had
to adapt to, a 10 cm leftward lateral shift was added to the tracked position of the dominant
hand (Fig 1B). The participants were not told that the feedback was shifted, although some of
the participants in the reward + error condition guessed so during the debriefing of the
experiment.
Following a five-second countdown, the first target was presented in the center of the trial
area, floating in black space and the participant could initiate a movement to align the dominant hand with the position of the target fly (5 cm diameter 3D model). An endpoint was
detected when the total displacement of the hand over a period of 300 ms was no more than
two centimeters. Depending on the experimental phase, the detection of an endpoint initiated
the display of feedback or the appearance of the next target fly at 15 cm distance from the previous target and in a random direction, but such that the target remained within the trial area.
Participants moved from fly to fly, without returning to a central starting position.
In the first 20 trials of the experiment, the baseline phase, no performance feedback was provided and the next target appeared as soon as an endpoint had been detected. In the middle 80
trials, the adaptation phase, feedback was provided as described below and in the last 15 trials,
the retention phase, again no feedback was provided (Fig 1C).
Reward feedback in the adaptation phase was provided when the pointing error (e), the distance between the shifted hand position and the center of the target fly, was smaller than a certain reward criterion C, which was based on the participants’ pointing errors in a way that
depended on the experimental condition. For the ‘low’ reward condition, C was the smaller of
the previous two errors, for the ‘medium’ reward condition C was the previous error, and for
‘high’ reward condition C was the larger of the two previous errors (Fig 1D). For random
reward condition, each trial was rewarded at random (50% probability). If the participant was
rewarded, positive feedback was provided by adding 5 scored points to the participant’s cumulative score (displayed above the target, Fig 1E), coloring the score green, playing a hit sound
and showing an animation of the fly dying. If the error was larger than the reward criterion, no
points were scored and the displayed score turned red. Participants in the ‘reward + error’ condition also received feedback about their movement endpoint: a 2 cm in diameter red sphere
(Fig 1E) was presented for 500 ms at the shifted hand position.
After finishing the pointing task, participants received their score on a post-it that unbeknownst to the participant was color-coded for the reward group (low, medium, high or random) that they participated in. The post-it was handed together with an iPad that we used to
assess motivation with a modified version of the Intrinsic Motivation Inventory (IMI, [21]).
To adhere to time constraints of testing participants in the museum, we selected one item
from each relevant scale, and in addition, we asked the participant to rate the extent to which
they were willing to do the task again (Table 1). The questions were translated to Dutch for
Dutch participants; others completed the items in English. For each item, participants indicated on a 5-point scale the extent to which they agreed with the statement.
Table 1. The five items used in our modified Intrinsic Motivation Inventory (IMI).
Enjoyment:

“I enjoyed playing this game”

Self-competence:

“I was good at this game”

Effort / importance:

“I tried my best to score as many points as possible”

Tension:

“I felt nervous while I was playing the game”

Motivation to continue:

“I would like to play this game again”

https://doi.org/10.1371/journal.pone.0193002.t001
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In addition to the IMI items, participants responded to additional questions regarding the
participant’s length, handedness and vision. Participants were able to discuss their scores
amongst each other during this period, but only received information on the reward group
they participated in after completing the motivation questionnaire. Families were instructed
and debriefed in a group.

Data analysis
Data analysis was performed in MatLab R2015a and SPSS version 22.3 was used for statistics.
Trials were assigned as outliers based on the size of the 3D error (e), which was the difference
between the 3D position of the target and the perturbed 3D position of the hand. Errors with a
size larger than 2.5 times the standard deviation at that trial within a feedback and reward
group were discarded as outliers. This resulted in the exclusion of 2.3% of the trials. Because
the perturbation was applied in the lateral dimension, the data analysis focused on the lateral
error ex. An analysis of the amplitude of the 3D error (e) is provided in Figure A in S1 File.
The adaptation was measured as the asymptotic error a, which was the mean lateral error ex
in the last 20 trials of the adaptation phase. To test whether participants responded to the
rewards, the amplitude of the trial-by-trial change in ex following rewarded (Δreward) and nonrewarded trials (Δfail) were analyzed. The trial-by-trial change Δ(t) was the amplitude of the
change in error ex from trial t to trial t+1. Δreward was the mean Δ(t) for the rewarded trials t in
the adaptation phase, whereas Δfail was the mean Δ(t) for the non-rewarded trials t in the adaptation phase. As it might be that the exploration is not specific to the direction of the perturbation, the 3D trial-by-trial change (the amplitude of the change in error e from trial t tot trial t
+1) was also analyzed.
The hypotheses that there is a main effect of feedback (reward only, reward + error) on the
adaptation and an interaction of reward and feedback were tested by analyzing the asymptotic
error in a 4 x 2 univariate ANOVA’s with reward condition (low, medium, high, random) and
feedback condition (reward only, reward+error) as between-participants factors. To test
whether trial-by-trial changes were larger following non rewarded trials than following
rewarded trials [22] Δfail and Δreward in the random reward group were compared using a Wilcoxon sign rank test. We based this analysis on the random reward group, because only for
this group the rewards and the error-size were unrelated. The influence of reward condition
on motivation, finally, was analyzed by performing a Kruskal-Wallis rank sum test with reward
group as a between-groups factor on the mean rating on the five items of the motivation
inventory.

Results
Participants in the reward + error condition adapted much more than the participants in the
reward only condition (Fig 2A and 2B). The baseline errors start around -10 cm because we
calculated the error based on the 10 cm leftward-shifted hand position. Errors appear to drift
further leftward during the baseline phase, presumably because the participant’s responses
drifted towards a default position (the midline) while the stimuli were consistently presented
on the right of the participant.
The ANOVA on the asymptotic error a showed a significant main effect of feedback condition (reward only, reward + error) on the asymptotic error (F(1,392) = 143.9, p < 0.001): on
average participants in the reward only condition (Fig 2A) reached an asymptotic error of
-12.2 cm whereas on average participants in the reward + error condition reached an asymptotic error of -8.3 cm (Fig 2B). The ANOVA also showed a main effect of reward condition (F
(3,390) = 5.440, p = 0.01) and an interaction of feedback condition and reward condition (F
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Fig 2. Main results averaged over participants. A) Lateral pointing error in the different reward groups of the reward only condition. B) Lateral pointing
error in the different reward groups of the reward + error condition. C) IMI rating for the different reward conditions (low, medium, high, random) as a
function of the proportion rewarded trials with standard error of the mean. The results for the random and medium reward condition are overlapping.
https://doi.org/10.1371/journal.pone.0193002.g002

(3,390) = 4.046, p = 0.007). Post-hoc comparisons with a Bonferroni-corrected p-value of 0.008
showed that for the reward only condition (Fig 2A) there were no differences between the
reward groups (low, medium, high, random), whereas for the reward + error condition (Fig
2B) the asymptotic error in the high reward group was larger than the asymptotic error in the
low reward group (t(99) = -4.303, p < 0.001), the medium reward group (t(99) = -3.190,
p = 0.002) and the chance reward group (t(92) = -3.339, p = 0.001). Thus, participants in the
high reward group adapted less then participants in the other reward groups. Paired samples ttests, that compared the asymptotic adaptation in the baseline phase to the asymptotic adaptation in the adaptation phase, showed that participants in all groups that received error feedback adapted: (low reward group: t(52) = -8.98, p < 0.001; medium reward group: t(53) =
-8.69, p < 0.001; high reward group: t(46) = -4.81, p < 0.001; random reward group: t(46) =
-6.92, p < 0.001). In Figures B and C in S1 File, we compare the results on the adaptation with
model predictions for two possible ways in which reward and error may be combined: ignoring reward errors or weighted combination of error-based and reward-based adaptation.
The high-reward group was on average rewarded in about 68% of the trials, in contrast with
32% for the low-reward group; the other two groups were rewarded in 50% of the trials (horizontal axis Fig 2C). For motivation, the Kruskal-Wallis test showed that it depended significantly on the reward condition (H(3) = 16.096, p = 0.001). Post hoc Mann-Whitney U tests
with a Bonferonni-corrected alpha of 0.008 showed that the motivation in the high reward
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group was higher compared to the low reward group (U = 3569.5, p < 0.001). There were no
other differences between the other reward groups.
To assess trial-by-trial responses to the reward-feedback, we analyzed trial-by-trial changes
in the random reward group of the reward only condition. The mean amplitude of trial-bytrial change in lateral error was 5.1 cm for the rewarded and 5.2 cm for the non-rewarded trials
(Fig 3A), which were not significantly different (Wilcoxon signed rank test, z = -1.086,
p = 0.27). In 3D, these changes were obviously larger than for the lateral component: 9.5 cm
and 9.9 cm, respectively. Moreover, in contrast with the lateral changes, Δfail was significantly
larger than Δreward for these 3D changes (Wilcoxon signed rank test, z = -2.428, p = 0.015).
Because a conflict in the information provided by reward and error may influence how they
interact, we quantified a possible conflict between the progress indicated by the reward and by
the error. We focused on the rewarded trials because reward presence is more informative
about the direction of the adaptation than reward absence. In the low reward and medium
reward groups there was never a conflict between reward and error. In the high reward group
and the random reward group there was sometimes a small conflict in which an error that was
larger than the previous error could be rewarded (R(t) = 1; e(t) > e(t-1); high reward group:
20% of trials; random reward group: 25% of trials). Moreover, in the random reward group
a larger conflict could occur in which both the reward and error increased relative to the

Fig 3. Random reward group, reward only condition. Distribution of trial-by-trial changes in the lateral error following rewarded and non-rewarded trials. A)
Trial-by-trial changes in the lateral error following randomly rewarded trials (Δreward) and following randomly non-rewarded trials (Δfail) show the same
distribution. B) trial-by-trial changes in the 3D error following rewarded trials were larger than those following non-rewarded trials.
https://doi.org/10.1371/journal.pone.0193002.g003
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previous trial (13% of trials; R(t) > R(t-1) & e(t) > e(t-1)). The group that experienced the largest conflict and the highest percentage of conflict trials was the random reward group. As this
group did show adaptation, it is unlikely that the reduced adaptation observed for the high
reward group is caused by reward and error conflict.

Discussion
In this study, we tested whether reward abundance influences how much participants adapt to
their errors. The results showed that participants in all error feedback groups adapted, but participants in the high reward (68% of the trials) group adapted less to visual errors, compared to
when 50% or less of the trials were rewarded (low, medium and random conditions). Although
participants in the reward only condition did not adapt, a comparison of trial-by-trial changes
following rewarded and non-rewarded trials, showed that 3D changes were larger following
non-rewarded trials than following rewarded trials. This indicates that participants did use the
reward feedback in their subsequent movement even though they could not learn from it, as
has been demonstrated in a previous study [20]). Reports of intrinsic motivation, in contrast
to adaptation, depended positively on the reward abundance. The influence of reward on
motor adaptation and motivation did not depend on the conflict between the reward and
error-based feedback: motor adaptation and motivation were equal for a group that received
performance-dependent rewards and a group that was rewarded at random (with the same
reward abundance).
Our main finding is that participants adapted less to their errors when they received abundant rewards than when they received a smaller amount of reward. Because there was no adaptation when the rewards were presented in isolation, this cannot be explained by the overall
adaptation being a sum of error-based and reward-based learning. It has been proposed previously [23] that reward and error are combined on a trial-by-trial basis such that participants
only correct for non-rewarded errors. Although this would result in a bit slower adaptation in
the abundant reward group, such trial-by-trial combination does not predict the low level of
adaptation we observed in this group (see Figure B in S1 File). There are two alternative explanations for the influence of reward on the overall adaptation. Rewards may influence the sensitivity to error or the overall adaptation may be the result of a weighted combination of errorbased and reward-based adaptation.
First, it has been proposed that motivational feedback (reward and punishment) enhances
the error-sensitivity of error-based adaptation [13, 19], similar to how reward can motivate
you to make a faster movement (see [24] for a review). However, we found that the participants who received the most reward adapted the least, yet expressed the most motivation.
Although the results on motivation should be interpreted with caution because we used a
shortened version of the IMI to accommodate time constraints of testing participants in the
museum, the results are difficult to explain by a motivational gain on the error-sensitivity.
The second, and more probable, explanation is that the overall adaptation was based on a
combination of error-based processes aimed at reducing error and reward-based processed
aimed at scoring points. The finding that trial-by-trial changes in the reward only condition
did depend on the reward supports the idea that participants were using the reward feedback
in their motor output. Moreover, for rewards that scale with the size of error (‘reward gradient’
or ‘scalar reward’), it has been shown that they contribute to motor learning independently of
error-based information and can even induce adaptation in a direction orthogonal to errorbased information [25].
One way in which participants could accommodate both error and reward in their adaptation is by simply ignoring errors in rewarded trials [23]. However, this would not explain the
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reduced adaptation with adbundant rewards (Figure B in S1 File). Another way in which participants could accommodate both error and reward in their adaptation is by taking a weighted
sum of error-based and reward-based learning [4]. According to this reasoning, reduced adaptation with abundant rewards would be the result of increased reliance on the reward feedback,
which produced no adaptation. In other words, participants in the high reward group focused
on scoring points rather than on reducing error (Figure C in S1 File).
Why would participants have relied more on the reward feedback when reward was abundant? Increased reliance on reward-feedback was not due to the conflict between reward and
error. The conflict between reward and error was biggest in the random reward group. Yet,
participants in the random reward group adapted more than participants in the high reward
group. Instead, the reward abundance in the high reward group may have reached a threshold
that caused participants to rely more heavily on the reward-based information. Participants
viewed a scoreboard before starting the task and knew how many points they should aim for
to score above average. The high reward group automatically scored in the higher range and
many may have settled for this performance whereas they did not settle for the mediocre performance imposed by the random reward group.
As we noted in the introduction, implicit as well as explicit processes contribute to the
adaptation. Implicit processes adapt the movement plan without the participant making any
conscious changes in his/her aiming, whereas explicit processes involve changes in an aiming
strategy [26–28]. In the current study, probably mainly explicit strategies were involved. We
provided terminal feedback, which has been associated with more explicit adaptation [29] and
has been shown insufficient for implicit visuomotor adaptation [30]. In addition, we used a relatively large 10-cm rightward perturbation, which was spontaneously reported by a number of
participants. In such an explicit process, the absence of reward-based learning may have been
mainly due to the spatial complexity of pointing to a different 3D target on each trial rather
than to the absence of movement repetition which has been held crucial for implicit rewardbased learning [4, 31].

Conclusion
Reward abundance interfered with error-based adaptation. We propose that when rewards
were abundant, participants relied more on the reward feedback. Because they could not adapt
to the reward feedback this interfered with adaptation to errors.

Supporting information
S1 File. Supporting information. To check whether we could determine how reward influences motor adaptation, we considered two possibilities: (1) reward influences corrections to
error on a trial-by-trial basis or (2) reward influences error-based adaptation on a task-basis.
We developed a mechanistic model for each hypothesis and show the model predictions such
that they can be compared to the data (Fig A and B). In addition, we report an analysis of absolute errors (Fig C).
(PDF)

Acknowledgments
This research was part of Science Live, the innovative research programme of Science Center
NEMO that enables scientists to carry out real, publishable, peer-reviewed research using
NEMO visitors as volunteers. The research was funded by Stichting Technologie en
Wetenschap (STW) Open Technologie Programma (OTP) grant 12668 awarded to Jeroen

PLOS ONE | https://doi.org/10.1371/journal.pone.0193002 March 7, 2018

10 / 12

Reward abundance interferes with error-based learning

Smeets. We thank Jasper van de Lagemaat for testing participants in the museum, Tim Groeneboom (www.timgroeneboom.com) for programming the experiment and Stefan de Graaff
(www.stefandegraaff.nl) for the video impression of the experiment. KO was supported by a
FP7 Marie-Curie IEF fellowship by the European Commission (624297).

Author Contributions
Conceptualization: Katinka van der Kooij, Leonie Oostwoud Wijdenes, Krista E. Overvliet.
Data curation: Katinka van der Kooij, Tessa Rigterink.
Formal analysis: Katinka van der Kooij.
Funding acquisition: Katinka van der Kooij, Krista E. Overvliet, Joeren B. J. Smeets.
Investigation: Katinka van der Kooij.
Methodology: Katinka van der Kooij, Leonie Oostwoud Wijdenes, Tessa Rigterink, Krista E.
Overvliet, Joeren B. J. Smeets.
Project administration: Katinka van der Kooij, Tessa Rigterink.
Resources: Katinka van der Kooij.
Software: Katinka van der Kooij.
Supervision: Katinka van der Kooij, Leonie Oostwoud Wijdenes, Krista E. Overvliet, Joeren B.
J. Smeets.
Writing – original draft: Katinka van der Kooij.
Writing – review & editing: Katinka van der Kooij, Leonie Oostwoud Wijdenes, Tessa Rigterink, Krista E. Overvliet, Joeren B. J. Smeets.

References
1.

Huberdeau DM, Haith AM, Krakauer JW. Formation of a long-term memory for visuomotor adaptation
following only a few trials of practice. Journal of Neurophysiology. 2015; 114(2).

2.

Krakauer JW, Mazzoni P. Human sensorimotor learning: adaptation, skill, and beyond. Current Opninion in Neurobiology. 2011; 21:636–44.

3.

Wolpert DM, Diedrichsen J, Flanagan JR. Principles of sensorimotor learning. Nature Reviews | Neuroscience. 2011; 12:739–51. https://doi.org/10.1038/nrn3112 PMID: 22033537

4.

Izawa J, Shadmehr R. Learning from sensory and reward prediction errors during motor adaptation.
PLOS computational biology. 2011; 7(3):e1002012. https://doi.org/10.1371/journal.pcbi.1002012
PMID: 21423711

5.

Shmuelof L, Huang VS, Haith AM, Delnicki RJ, Mazzoni P, Krakauer JW. Overcoming motor ’forgetting’
through reinforcement of learned actions. Journal of Neuroscience. 2012; 32(42):14617–21a. https://
doi.org/10.1523/JNEUROSCI.2184-12.2012 PMID: 23077047

6.

van Beers RJ. Motor learning is optimally tuned to the properties of motor noise. Neuron. 2009; 63:406–
17. https://doi.org/10.1016/j.neuron.2009.06.025 PMID: 19679079

7.

Burge J, Ernst MO, Banks MS. The statistical determinants of adaptation rate in human reaching. Journal of Vision. 2008; 8(4):1–19.

8.

Cheng S, Sabes PN. Calibration of visually guided reaching is driven by error-corrective learning and
internal dynamics. Journal of Neurophysiology. 2007; 97:3057–69. https://doi.org/10.1152/jn.00897.
2006 PMID: 17202230

9.

Tseng Y-w, Diedrichsen J, Krakauer JW, Shadmehr R, Bastian AJ. Sensory prediction errors drive cerebellum-dependent adaptation of reaching. Journal of Neurophysiology. 2007; 98:54–62. https://doi.
org/10.1152/jn.00266.2007 PMID: 17507504

10.

Miall RC, Wolpert DM. Forward models for physiological motor control. Neural Networks. 1996; 9
(8):1265–79. PMID: 12662535

PLOS ONE | https://doi.org/10.1371/journal.pone.0193002 March 7, 2018

11 / 12

Reward abundance interferes with error-based learning

11.

Therrien AS, Wolpert DM, Bastian AJ. Effective reinforcement learning following cerebellar damage
requires a balance between exploration and motor noise. Brain. 2016; 139(1):1–14.

12.

Wu HG, Miyamoto YR. Temporal structure of motor variability is dynamically regulated and predicts
motor learning ability. Nature Neuroscience. 2014.

13.

Nikooyan AA, Ahmed AA. Reward feedback accelerates motor learning. Journal of Neurophysiology.
2015; 113:633–46. https://doi.org/10.1152/jn.00032.2014 PMID: 25355957

14.

Gajda K, Sulzenbruck S, Heuer H. Financial incentives enhance adaptation to a sensorimotor transformation. Experimental Brain Research. 2016; 10:2859–68.

15.

Dayan E, Averbeck BB, Richmond BJ, Cohen LG. Stochastic reinforcement benefits skill acquisition.
Learning and memory. 2014; 21:140–2. https://doi.org/10.1101/lm.032417.113 PMID: 24532838

16.

Galea JM, Mallia E, Rothwell J, Diedrichsen J. The dissociable effects of punishment and reward on
motor learning. Nature Neuroscience. 2015; 18:597–602. https://doi.org/10.1038/nn.3956 PMID:
25706473

17.

Widmer M, Ziegler N, Held J, Luft A, Lutz K. Rewarding feedback promotes motor skill consolidation via
striatal activity. Progress in Brain Research. 2016; 229:303–23. https://doi.org/10.1016/bs.pbr.2016.05.
006 PMID: 27926445

18.

Mawase F, Uehara S, Bastian AJ, Celnik P. Motor learning enhances use-dependent plasticity. Journal
of Neuroscience. 2017; 37(10):2673–85. https://doi.org/10.1523/JNEUROSCI.3303-16.2017 PMID:
28143961

19.

Song Y, Smiley-Oyen AL. Probability differently modulating the effects of reward and punishment on
visuomotor adaptation. Experimental Brain Research. 2017:1–14.

20.

van der Kooij K, Overvliet KE. Rewarding imperfect motor performance reduces adaptive changes.
Experimental Brain Research. 2016; 234:1441–50. https://doi.org/10.1007/s00221-015-4540-1 PMID:
26758721

21.

Ryan RM. Control and information in the intrapersonal sphere: An extension of cognitive evaluation theory. Journal of Personality and Social Psychology. 1982; 43(3):450.

22.

Pekny SE, Izawa J, Shadmehr R. Reward-dependent modulation of movement variability. Journal of
Neuroscience. 2015; 35(9):4015–24. https://doi.org/10.1523/JNEUROSCI.3244-14.2015 PMID:
25740529

23.

Brenner E, Smeets JBJ. Quickly ’learning’ to move optimally. Experimental Brain Research. 2011;
213:153–61. https://doi.org/10.1007/s00221-011-2786-9 PMID: 21748334

24.

Shadmehr R, Huang HJ, Ahmed AA. A representation of effort in decision-making and motor control.
Current Biology. 2016; 26(14):1929–34. https://doi.org/10.1016/j.cub.2016.05.065 PMID: 27374338

25.

Festini SB, Preston SD, Reuter-Lorenz PA, Seidler RD. Emotion and reward are dissociable from error
during motor learning. Experimental Brain Research. 2016; 234(6):1385–94. https://doi.org/10.1007/
s00221-015-4542-z PMID: 26746312

26.

Bond KM, Taylor JA. Flexible explicit but rigid implicit learning in a visuomotor adaptation task. Journal
of Neurophysiology. 2015; 113:3836–49. https://doi.org/10.1152/jn.00009.2015 PMID: 25855690

27.

Mazzoni P, Krakauer JW. An implicit plan overrides an explicit strategy during visuomotor adaptation.
The Journal of Neuroscience. 2006; 26(14):3642–5. https://doi.org/10.1523/JNEUROSCI.5317-05.
2006 PMID: 16597717

28.

Taylor JA, Krakauer JW, Ivry RB. Explicit and implicit contributions to learning in a sensorimotor adaptation task. The Journal of Neuroscience. 2014; 34(8):3023–32. https://doi.org/10.1523/JNEUROSCI.
3619-13.2014 PMID: 24553942

29.

Redding GM, Wallace B. Generalization of Prism Adaptation. Journal of Experimental Psychology.
2006; 32(4):1006–22. https://doi.org/10.1037/0096-1523.32.4.1006 PMID: 16846294

30.

Peled A, Karniel A. Knowledge of performance is insufficient for implicit visuomotor rotation adaptation.
Journal of Motor Behavior. 2012; 44(3):185–94. https://doi.org/10.1080/00222895.2012.672349 PMID:
22548697

31.

Huang VS, Haith A, Mazzoni P, Krakauer JW. Rethinking motor learning and savings in adaptation paradigms: model-free memory for succesful actions combines with internal models. Neuron. 2011;
70:787–801. https://doi.org/10.1016/j.neuron.2011.04.012 PMID: 21609832

PLOS ONE | https://doi.org/10.1371/journal.pone.0193002 March 7, 2018

12 / 12

