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Abstract

A skilled basketball player expects to make many shots. After a miss, they could
make a larger correction because the miss was “surprising.” Alternatively, they could
make only a small correction since their average past performance was successful.
Despite its relevance, past work has not elucidated whether or how a history of rein-
forcement influences explicit (cognitive) and implicit (involuntary) error corrections.
Across three reaching experiments, we compared two competing hypotheses: 1)
reward prediction errors (“surprise”) modulate explicit and implicit error corrections,
or 2) expected value (average reward) modulates explicit and implicit error correc-
tions. Our experimental results and computational modelling support the idea that the
expected value of a long-history of reinforcement modulates explicit error corrections.
Further, we find that an immediate-history of reinforcement directly modulates implicit
error corrections, which could not be explained by an independent task error model.
Collectively, we find that a successful reinforcement history suppresses explicit and
implicit error corrections.

Author summary

Conflicting previous work has suggested that reinforcement feedback leads to
either greater or smaller movement corrections. Here we elucidate that past suc-
cessful actions lead to a suppression of future cognitive and involuntary move-
ment corrections. Highlighting how multiple learning processes interact can lay
the groundwork for more informed and effective neurorehabilitation.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014574  August 3, 2026

1/26



http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pcbi.1014574&domain=pdf&date_stamp=2026-08-03
https://doi.org/10.1371/journal.pcbi.1014574
https://doi.org/10.1371/journal.pcbi.1014574
http://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0002-4276-8806
https://orcid.org/0000-0002-0675-4271
mailto:cashabackjga@gmail.com

. Computational

PLOS }. Biology

and reproduction in any medium, provided the
original author and source are credited.

Data availability statement: Data is

available at: https://doi.org/10.6084/
m9.figshare.31337554 Code is available at:
https://github.com/JohnBuggeln/RewardError.

Funding: This work was supported by the
National Science Foundation (NSF 2234748
awarded to JGAC) and the Natural Sciences
and Engineering Research Council of Canada
(NSERC RGPIN-2018-05589 awarded to MJC).
The funders had no role in study design, data
collection and analysis, decision to publish, or
preparation of the manuscript.

Competing interests: The authors have
declared that no competing interests exist.

Introduction

After missing the strike zone, an ace baseball pitcher adjusts the next pitch depend-
ing on their accuracy and the current number of strikes or balls. Considering their
prior successes and failures (reinforcement history) informs their corrections to motor
errors (distance from the plate). Despite knowledge that key reinforcement computa-
tions depend on history [1,2], it is unclear how reinforcement history specifically inter-
acts with error corrections. Understanding the interactions and temporal dynamics of
sensorimotor learning processes is not just a theoretical exercise, but can generate
neurorehabilitation improvements [3-5].

Error corrections are widely thought to consist of an explicit (cognitive) and an
implicit (involuntary) process [6—12]. The explicit process is driven by performance
errors, the difference between desired and actual performance. Performance errors
lead to changes in explicit action selection that can improve performance. The implicit
process is driven by sensory prediction errors, the difference between the sensory
prediction and the sensory consequence of a movement [13—17]. Sensory prediction
errors update a representation of the dynamics [13,14,18-22], which recalibrates the
sensorimotor system and reduces motor errors.

Reinforcement contributes to human motor learning alongside error correc-
tions. When given rewarding binary feedback in response to task success, par-
ticipants adjust motor behaviour to maximize rewards [17,23—-28]. Reinforcement
feedback independently regulates movement variability [29-32], recalibrates the
sensorimotor system, [33] and drives plastic changes in the motor cortex [34,35].
Two critical quantities are tracked by the reinforcement system: expected value
and reward prediction error [2,36—41]. Expected value is the representation of
the expected average reward. Reward prediction errors are phasic dopaminergic
signals that encode the difference between expected value and reward valence
(magnitude of received reward). Colloquially, reward prediction errors encode
reward “surprise”.

Past work examining the interaction of error corrections and reinforcement feed-
back has conflicting results. A greater reward frequency has been shown to interfere
with error corrections [42]. Confusingly, it has also been shown that greater reward
increases error corrections [43]. This inconsistency could be a consequence of dif-
ferences in reinforcement feedback type, variations in the involvement of explicit and
implicit error corrections, and/or influence of reinforcement history. How reinforce-
ment history and the associated computational quantities affect explicit and/or implicit
error corrections is unclear.

One possibility is that expected value modulates error corrections, which would
optimize average success. Previous work has suggested that we select actions
that result in greater expected reward [44]. Another possibility is that reward predic-
tion errors modulate error corrections, which would minimize surprise. Past work in
rodents has shown that reward prediction errors regulate movement variability during
reinforcement tasks [45].

Here, we tested whether reinforcement history modulates error correc-
tions through expected value or reward prediction errors. In Experiment 1 we
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manipulated reinforcement history to test whether expected value or reward prediction errors modulates explicit and/

or implicit error corrections. Our empirical results and computational modelling support that expected value modulates
error corrections. Yet, Experiment 1 does not parse whether that effect is through explicit and/or implicit processes.

In Experiment 2, we isolated implicit error corrections and found no influence of a long-history (all previous trials) or
short-history (a few previous trials) of reinforcement. Collectively, Experiment 1 and 2 suggest that expected value
modulates only explicit error corrections. Prior work suggests reinforcement may modulate implicit error corrections, but
these studies did not provide or manipulate extrinsic reinforcement feedback [46,47]. Therefore, in Experiment 3 we
further tested whether an immediate-history (previous trial only) of reinforcement or punishment influenced implicit error
corrections. Empirical data and computational modelling support that the immediate-history of reinforcement modulates
implicit error corrections directly through reward valence, the signed reward magnitude. Taken together, our results
suggest that expected value modulates explicit error corrections, and an immediate-history reward valence modulates
implicit error corrections.

Results
EXPERIMENT 1

The goal of Experiment 1 (N=40) was to manipulate the reinforcement history to test whether expected value or reward
prediction errors modulates explicit and/or implicit error corrections. To this end, we manipulated both the long-history of
reinforcement and short-history of reinforcement.

Experiment 1 design. In all experiments participants saw a circular home location, a single circular target, a thin
boundary arc, and had no vision of their hand (Fig 1A). Participants were instructed to “hit the target” by reaching quickly
through the target and boundary arc then stop.

The long-history of reinforcement feedback was manipulated by providing probabilistic reinforcement feedback in
the first ten trials [i.e., t-13,...,t-4] of repeated experimental blocks (Fig 1D). Participants’ reinforcement probability was
determined by a group randomization into either a 20% or 80% probability of reinforcement group. Participants received
reinforcement probabilistically if they reached through a hidden reward region (Fig 1B) [30,31]. They were naive to the
probabilistic nature of the feedback. Participants were told if they hit the target they would receive reinforcement feedback
(target changed color and expanded, a pleasant sound played, participant received monetary reward).

The short-history of reinforcement was manipulated by providing all participants reinforcement clamps (Fig 1D). These
clamps fixed the reinforcement feedback the two trials [i.e., t-3, t-2] before an error clamp [i.e., t-1]. Specifically, partic-
ipants either i) received reinforcement feedback on both trials, or ii) or reinforcement feedback on the first trial and no
reinforcement feedback on the second trial.

The last trial [t-1] of every block was an error clamp (Fig 1C). When given an error clamp, participants were briefly
shown cursor feedback of their hand position when they passed by the target [48]. Unbeknownst to the participants, this
endpoint cursor feedback was experimentally controlled to be a set distance from the target center. We experimentally
controlled the error size to assess participants’ error corrections on the next trial [i.e., t]. The error corrections in response
to the error clamps were our main dependent measure. If reinforcement history influences error corrections, these correc-
tions should differ between the 20% and 80% probability of reinforcement groups and between the short-history reinforce-
ment clamp types.

Experiment 1 models - a priori predictions. We made a priori model predictions of error corrections. A first-order

er= (T-Xp (1)

X1 = Xi+ ey (2)
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Fig 1. Experiment 1 & 2 Design. A) In all experiments, participants held the end of a robotic manipulandum and made reaching movements in the hor-
izontal plane with no vision of their hand. Participants reached from a home position (open white circle) and quickly passed through a target (solid white
circle) and boundary (thin white arc). The boundary arc disappeared once crossed and indicated a sufficient reach extent. B) In Experiment 1 & 2, partic-
ipants were informed if they hit the target they would receive reinforcement feedback (target turned blue, expanded, a pleasant noise played, monetary
bonus). They were also told that reinforcement feedback would be withheld if they missed the target. Unbeknownst to participants, the reinforcement
feedback was probabilistic and was not contingent on hitting the visual target. C) During error clamp trials a cursor was shown as participants passed the
target. Unbeknownst to participants, the cursor position was an experimentally imposed error in a fixed location independent of their hand position. D)
Reinforcement history was manipulated within 48 blocks of trials. Shown above is a single block of trials. To manipulate the long-history of reinforcement,
two groups of participants received either a 20% or 80% probability of reinforcement when their hand passed through an unseen reward region (thin
grey arc). This probabilistic reinforcement feedback was provided from the 13th to 4th trial prior an error correction (i.e., [t-13,...,t-4]). If their hand failed
to intersect the unseen reward region (thin gray arc) they would receive no reinforcement feedback. To manipulate the short-history of reinforcement,

all participants experienced reinforcement clamps (RC) on the 3rd and 2nd trial prior to an error correction (i.e., [t-3,t-2]). The first clamp (RC,) provided
two successive trials with reinforcement feedback. The second clamp (RC,) provided reinforcement feedback and then no reinforcement feedback. No
endpoint feedback was given on short-history reinforcement clamps. Following the short-history reinforcement clamps, participants were shown an error
clamp [t-1]. An error clamp was either within, left of, or right of the target. We measured error corrections to the left and right error clamps on the next
trial [t]. In Experiment 1 participants were instructed to “hit the target,” which would include both explicit and implicit error corrections. In Experiment 2,
participants were instructed to maintain a constant explicit strategy (“always aim to the target center and ignore the cursor feedback”) to isolate implicit
error corrections.

https://doi.org/10.1371/journal.pcbi.1014574.g001

where e; is the error signal between the motor target, T, and the sensory feedback of the executed movement X;. 3 is the
learning rate on the error signal. Xz represents the adjustment taken by the motor system.

Next, we considered that the reinforcement system may modulate error corrections through expected value (EV) or
reward prediction error (RPE) as described by the following:
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EVi1 = EVi+~RPE; (3)

RPEtz Otf't—EVt (4)

EV for the motor target is updated by the RPE;, multiplied by a learning rate (+) at the end of each trial. The RPE; is
the difference between the received reward and expected reward (EV;). The received reward is the reward valence («),
the signed reward magnitude, multiplied by the presence of reward (r;). We consider how RPE; or EVy.1 can modulate
error corrections in the following hypotheses.

Expected Value Model: One hypothesis is that expected value directly modulates the error correction term in Eq. 2, as
follows:

X1 = Xi+ (1= EViw1)Bey (5)

If past performance is unsuccessful (e.g., 20% reinforcement probability group), EVi+1 is low. The expected value
hypothesis predicts a low EV leads to large error corrections (Fig 3A). In other words, error corrections are “encouraged”
because the expected value of the current action is low. Conversely, when past performance is successful (e.g., 80%
reinforcement probability group) EV4.1 is high. Therefore, error corrections are “discouraged” because the expected value
of the current action is high. Under this hypothesis, a priori predictions (8 =.65, v =.01, « = 1) show error corrections are
smaller if past performance is successful and larger if past performance is unsuccessful.

Reward Prediction Error Model: Alternatively, another hypothesis is that Reward Prediction Error modulates error
corrections:

X1 = Xi + (1 - RPEt)ﬁet (6)

When past performance is unsuccessful (e.g., 20% reinforcement probability group), RPE; is a small negative number
after a miss. The reward prediction error hypothesis predicts a small negative RPE leads to small error corrections. In
other words, when past performance is unsuccessful, a miss is “unsurprising” so there is a small error correction (Fig 3A).
Conversely, when past performance is successful (e.g., 80% reinforcement probability group) RPE; is a large negative
number after a miss. The reward prediction error hypothesis predicts a large negative RPE leads to big error correc-
tions. Therefore, when past performance is successful, a miss is “surprising” so there is a big error correction. Under this
hypothesis, a priori predictions (5 =.3, v =.01, a = 1) show error corrections are smaller if past performance is unsuc-
cessful, and larger if past performance is successful (Fig 3B). Critically, the Reward Prediction Error Model has opposing
predictions to the Expected Value model with respect to reinforcement history.

No Modulation Model: Finally, there may be no modulation of error corrections by either reinforcement learning quantity
(Fig 3C). This simply recovers the single rate state space equation (Equation 2).

Experiment 1 results. In Experiment 1 we manipulated the reinforcement history to test whether expected value or
reward prediction errors modulate explicit and/or implicit error corrections. Fig 2 shows the hand angle over time of two
separate participants in the 20% and 80% probability of reinforcement groups. Participants responded to left and right
error clamps by making error corrections. In response to the same size error clamps, the participant in the 20% Probability
of Reinforcement group made larger error corrections than the participant in the 80% Probability of Reinforcement group.

We found a main effect of long-history of reinforcement (F(1,38) = 7.35, p=0.010, 5 = 0.16). There was no main
effect of a short-history of reinforcement (F(1,38) = 3.51, p=0.069, n? = 0.08), nor an interaction between long-history
or short-history of reinforcement (F(1,38) = 0.073, p=0.78, n? = 0.08). We confirmed that participants in the 20% and
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Fig 2. Experiment 1 Representative Individual Data. Hand angles (y-axis) over experimental trials (x-axis) for representative participants from both
the A) 20% reinforcement group and D) 80% probability of reinforcement group. Error clamps that were pseudorandomly interleaved are denoted by
solid triangles, and the subsequent error correction is denoted with an open triangle. To better illustrate how an error clamp leads to an error correction,
the data shown within the purple shaded rectangles in (A) and (D) are expanded in (B) and (E), respectively. All error corrections (y-axis) for the (C) 20%
reinforcement participant and (F) 80% reinforcement participant. Note, these data show both leftward and rightward error corrections, where all rightward
error corrections are multiplied by -1. As a result, both leftward and rightward error corrections are represented with positive values. Here, the 20% rein-
forcement participant had greater error corrections than the 80% reinforcement participant.

https://doi.org/10.1371/journal.pcbi.1014574.9002

80% Reinforcement group had different actual reward rates (18.35% vs. 67.60%, respectively, p<0.001). We found that
the 20% Reinforcement group had significantly larger error corrections than the 80% Reinforcement group (p=0.001,
6 = 70.56, Fig 3D). The best-fit Expected Value model was able to capture our experimental results (Fig 3D), unlike the
Reward Prediction Error Model or the No Modulation Model. Collectively, our empirical results and computational model-
ling support that expected value modulates error corrections.

Given that expected value is a temporally evolving quantity, we examined how error corrections changed across the
course of the entire experiment in Supplementary C in the S1 Appendix. We found evidence that expected value’s modu-
latory effect on error corrections reached steady state within the first 8 error clamps.

EXPERIMENT 2

In the first experiment, we instructed participants to “hit the target.” As a result, the sensorimotor system may have used
explicit and/or implicit error corrections. In Experiment 2 we sought to isolate the influence of reinforcement processes
on implicit error corrections. Thus, the goal of Experiment 2 (N =40) was to manipulate the reinforcement history to test
whether expected value or reward prediction errors modulate implicit error corrections.
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Model, and (C) No Modulation Model for Experiment 1 and 2. Plotted are the mean error corrections (y-axis) after imposed error clamps for the 20%
reinforcement and 80% reinforcement groups (x-axis). Mean error corrections are collapsed across short-history clamps, as there was no main effect of
short-history. A) The Expected Value Model predicted that the 20% reinforcement group would have greater error corrections than the 80% reinforce-
ment group. B) Conversely, the Reward Prediction Error Model predicted that the 20% reinforcement group would have smaller error corrections than
the 80% reinforcement group. C) The No Modulation Model predicts no difference between the 20% reinforcement and 80% reinforcement groups. D)

In Experiment 1 and aligned with the Expected Value Model, the 20% reinforcement group had greater error corrections compared to the 80% reinforce-
ment group. Here, the shown behaviour is a composite of explicit and implicit error corrections. The best-fit Expected Value Model is denoted with small
rectangles. E) To isolate implicit error corrections in Experiment 2, participants were instructed to maintain a constant explicit strategy, i.e., “always aim to
the target center and ignore the cursor feedback”. No difference was found between the 20% and 80% reinforcement groups, which was best explained
by the No Modulation model. Hollow circles are individual data points. Box and whisker plots are drawn for group data. Solid circles are the group-level
averages. Collectively, these data from Experiment 1 & 2 support the idea that a long-history of reinforcement modulates explicit error corrections based
on expected value, but does not modulate implicit error corrections.

https://doi.org/10.1371/journal.pcbi.1014574.g003
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Experiment 2 methods. To isolate implicit error corrections, we repeated Experiment 1 with one crucial difference to
the task instructions. Participants were instructed to maintain a constant explicit strategy, “always aim to the target center
and ignore the cursor feedback” [48].

Experiment 2 models - a priori predictions. It is well-established that error-based learning is composed of an explicit
and an implicit process [8]. If the implicit process is isolated, we can use the same models as described above specifically
for the implicit system.

Expected Value Model:

implicit _ implicit . .. implicit
)(itTf ICI = )qmp ICI + (1 — EVH-1 )ﬂlmp/lcl[(T_><ltmpICI)

Reward Prediction Error Model:

)<T1;7/icit - Xft'mplicit + (1 _ RPEt) Bimplicit(T_ X;mplicit) (8)

No Modulation Model:

)érrf/icit - Xlt'mplicit + ﬁimplicit(T_ )(;mplicit) (9)
These models make the same qualitative predictions that were explicit/implicit agnostic but specifically for implicit correc-
tions (as shown in Fig 3).

Experiment 2 results. In Experiment 2 we manipulated the reinforcement history to test whether expected value or
reward prediction errors modulate implicit error corrections. Unlike the first experiment, we found no main effect of the
long-history reinforcement (F(1,38) = 0.32, p=0.439, n?= 0.02). Similar to the first experiment, we found no influence
of short-history of reinforcement (F(1,38) = 0.29, p=0.59, 7% = 0.01) or an an interaction between the short-history and
long-history (F(1,38) = 0.13, p=0.73, n? = 0.00). We again confirmed that participants in the 20% and 80% reinforcement
group had different actual reward rates (19.11% vs. 68.70%, respectively, p<0.001). Thus, the results in Experiment 2 do
not support that a long-history or short-history of reinforcement modulate implicit error corrections (Fig 3D).

Next we tested whether the Expected Value, Reward Prediction Error, and No Modulation models could best explain
the data. As noted above, we did not see that a long-history or short-history of reinforcement influenced error corrections.
However, a null result does not disprove a hypothesis. Best-fit parameters of all three models could be tuned to obtain no
difference between experimental conditions. Indeed, all three models captured the results, while producing similar mean
squared error for Experiment 2 (Table 1). Therefore, the best model was selected through a combination of mean-squared
error and penalizing over-parameterization, using the Akaike Information Criterion (AIC) and Bayesian Information Crite-
rion (BIC). A lower AIC and BIC indicate better models. The No Modulation model outperformed the Expected Value Model
and Reward Prediction Error on both AIC and BIC (Table 1). Our behavioural and computational results support the No
Modulation model. In the No Modulation model, a long-history or short-history of reinforcement does not influence implicit
error corrections.

Synthesizing the first two experimental results provides insight into the influence of reinforcement history on explicit
and implicit error corrections. Experiment 1 showed that expected value modulated error corrections, but it was unclear
to what degree explicit and/or implicit error corrections were contributing to the differences between the 20% and 80%
conditions. In Experiment 2, we isolated implicit error corrections and found no modulation by either a long-history
or short-history of reinforcement. Error corrections are composed of an explicit correction, an implicit correction, and
any explicit-implicit interaction. In Experiment 2, we eliminated explicit corrections and therefore isolated implicit error
corrections from either the explicit correction and any explicit-implicit interaction. We did not find any direct influence of the
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Table 1. AIC and BIC Analysis for models across all three experiments. Models were evaluated based on multiple criteria. Models were first
evaluated on their ability to capture statistically significant experimental trends. Models capable of capturing trends were then compared
using the Akaike Information Criterion (AIC) and the Bayesian Information Criterion (BIC). AIC and BIC both score models based on Mean
Squared Error (MSE), while punishing for the number of parameters. Smaller scores indicate relatively better models. Rows shaded in grey
indicate the best-fit model of each Experiment. All model fits are shown in Supplementary B in the S1 Appendix.

Captures
Experiment Model Parameters Experimental Result MSE AIC Score BIC Score
1 Expected Value & v 1.82 30.11 35.19
1 Reward Prediction Error 3 X — — —
1 No Modulation 1 X — — —
2 Expected Value 3 v 1.22 13.84 18.19
2 Reward Prediction Error 3 v 1.20 13.32 18.38
2 No Modulation 1 v 1.22 9.96 11.65
8 Reward Valence Floored 2 v 0.84 -1.15 1.65
3 Expected Value Floored 3 v 0.84 0.87 5.07
3 Reward Prediction Error Floored 3 v 0.84 0.87 5.07
3 Task Error 2 X — — —
3 No Modulation 1 X — — —

https://doi.org/10.1371/journal.pcbi.1014574.t001

long-history or short-history of reinforcement on implicit corrections. Critically, this means the influence of the long-history
of reinforcement in Experiment 1 must be a consequence of explicit error corrections.

EXPERIMENT 3

In Experiment 2, we found no influence of the long-history or short-history of reinforcement on implicit error corrections.
However, this does not rule out the influence of an immediate-history. In Experiment 2, we did not provide reinforce-
ment on the same trial as a miss error clamp (i.e., on the [t-1] trial). In Experiment 3, we provide reinforcement on the
same trial as a miss error clamp to investigate the immediate-history of reinforcement. We also chose to investigate the
immediate-history of punishment. Importantly, previous literature shows inconsistent effects of reinforcing stimuli given
on the same trial as a visual error [46,47,51], which we address with a relatively larger sample size and within subjects
design. In short, the goal of Experiment 3 (N=30) was to test whether the immediate-history of reinforcement or punish-
ment influences implicit error corrections.

Experiment 3 methods. Participants had identical instructions to Experiment 2 (“always aim to the target center and
ignore the cursor feedback”) to isolate implicit error corrections. The immediate-history of reinforcement was manipulated
by providing reinforcement on the same trial as error clamps [i.e., t-1]. Likewise, the immediate-history of punishment
was manipulated by providing punishment on the same trial as error clamps [i.e., t-1]. When given punishment feedback,
participants were told if they missed the target it would turn red, they would hear a negative buzzer sound, and they would
lose money from a monetary bonus.

Participants experienced four different feedback conditions: large target, large target with reinforcement, small target,
and small target with punishment (Fig 4). In all conditions, participants saw brief cursor feedback of their hand position
when they passed by the target. In the large target with reinforcement condition, participants would receive reinforce-
ment feedback if they hit the target. Similarly, in the small target with punishment condition, participants would receive
punishment feedback if they missed the target. Participants experienced interleaved mini-blocks that probed the influ-
ence of reinforcement and punishment when given on the trial immediately before [i.e., t-1] an error correction [i.e., t].
Error clamps for all conditions were 2°, such that the cursor was embedded within the target for the large target condition
and large target reinforcement condition. Conversely, the error clamp was always outside the target for the small target

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014574  August 3, 2026 9/26




N\ Computational
PLO\Sﬁ\\ Biology

A Large Target
Large Target Reinforcement
[t-1] [t-1]
n
. q,>
Error Error @3 @
Clamp Clamp
Small Target —-
Small Target Punishment Error
[t-1] [t-1] Correction
n
= Q)n’n L [t]
Error Error
Clamp Clamp
B
—
o
o
0 5.0 -
g\ 2.5 - :
< oo k ﬁ
1
©
: -5.0 T T T T T T
100 200 300 400 500 600

Experimental Trial

~ 5

A Right Clamp 9

/A Right Clamp Correction g 0

V Left Clamp =

V Left Clamp Correction S -5+ T r T T T T T 1
I

190 195 200 205 210 215 220 225 230
Experimental Trial
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https://doi.org/10.1371/journal.pcbi.1014574.9004

condition and small target punishment condition. Critically, keeping target sizes constant allowed us to test whether
the immediate-history of reinforcement or punishment influenced implicit error corrections—independent of task errors
[47,51,52].

Experiment 3 results. In Experiment 3 we manipulated the immediate-history of reinforcement or punishment to test
their influence on implicit error corrections. Fig 4B shows hand angle data from a representative participant illustrating how
the feedback conditions were pseudorandomized and how participants responded to error clamps.

We found that the presence of reinforcement led to a smaller error correction in the large target reinforcement condition
compared to the large target condition (p=0.016, § = 66.67). This finding aligns with the idea that an immediate-history of
reinforcement modulates implicit error corrections (Fig 5A).
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capture reinforcement modulation. Experiment 3 results support that the immediate-history of reinforcement modulates implicit error corrections.

https://doi.org/10.1371/journal.pcbi.1014574.9005

Conversely, we found no difference in error corrections between the small target condition and small target punishment
condition (p=0.826, 6= 50.00). Thus, while we found that the presence of reinforcement led to smaller implicit error cor-
rections, we did not see an influence of punishment on implicit error corrections.
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Experiment 3 model - a posteriori fits. In Experiment 3 we found that the immediate-history influenced error
corrections. Thus, we considered the possibility that the immediately experienced reward valence may modulate implicit
error corrections.

Next we modelled the computational effect of reward valence. That is, the received reward (ar;) directly modulates
error corrections:

Xft'T1plicit - Xit'mplicit + (1 . rt) /Bimplicit(T_ Xit'mplicit) (1 0)
As a reminder, « is the reward valence, the signed reward magnitude, and r; is the presence of reward. The Reward
Valence model is similar to Kim and colleagues’ (2019) Adaptation Modulation model [47]. The Reward Valence model
would be able to capture the finding that the immediate-history of reinforcement would modulate implicit error corrections.
However, the Reward Valence model would fail to capture our experimental finding that the immediate-history of punish-
ment (i.e., negative valence) did not influence implicit error corrections.

A reasonable candidate model would need to capture both (1) a modulatory effect of reinforcement feedback and (2) no
influence of negative reward valence, which is satisfied with the model below.

Reward Valence Floored Model:

|art| + ar

lepllc:t = Xltmpllat + (1 5

t+1

) Bimplicit(T_ )(implicit)
(1)

Here the reward valence is floored because any time ar; becomes negative, it is cancelled by its absolute value |ary|.
A floored reinforcement signal allows for positive reward to modulate error corrections, and floors aversive or punishing
stimuli. Likewise, we also considered an Expected Value Floored Model and a Reward Prediction Error Floored Model
(see Methods).

The Reward Valence Floored model (Fig 5B) outperforms the Expected Value Floored Model, the Reward Prediction
Error Floored Model, and No Modulation Model (Table 1, Experiment 3) based on AIC and BIC. Furthermore, a supple-
mentary analysis shows that the best fit Expected Value Floored and Reward Prediction Error Floored models converge to
the Reward Valence Floored model (Supplementary B in S1 Appendix).

With our experimental design we were able to dissociate the influence of reinforcement and task errors. The Task Error
Model [47] (see Methods) failed to capture our experimental finding where the immediate-history of reinforcement modu-
lated implicit error correction (Fig 5D).

Taken together, our results suggest that a long-history of reinforcement modulates explicit error corrections and an
immediate history of reinforcement modulates implicit error corrections.

Discussion

Our results show that reinforcement history suppresses explicit and implicit error corrections. Our experiments and mod-
els suggest that a relatively higher expected value of a target decreases explicit error corrections. We also show that the
reward valence from the previous trial reduces implicit error corrections.

Taken together, Experiment 1 and Experiment 2 results suggest that a more successful, long-history of reinforcement
causes participants to make smaller explicit error corrections. Error corrections are composed of an explicit correction, an
implicit correction, and any explicit-implicit interaction. In Experiment 2, we eliminated explicit corrections and therefore
isolated implicit error corrections from either the explicit correction and any explicit-implicit interaction. We did not find any
direct influence of the long-history or short-history of reinforcement on implicit corrections. Critically, this means the influ-
ence of the long-history of reinforcement in Experiment 1 must be a consequence of explicit error corrections. We initially
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considered that expected value or reward prediction error could modulate error corrections. Aligned with the expected
value model, we found that a more successful long-history of reinforcement led to suppressed explicit error corrections.
This suggests the utilization of expected value by the explicit system is a higher-level cognitive process and that same
quantity is not influencing implicit error corrections. In Experiment 3, we manipulated the immediate-history of reinforce-
ment or punishment to test their influence on implicit error corrections. We found that an immediate-history of reinforce-
ment suppressed error corrections.

Our Experiment 1, 2, & 3 results align with the findings of van der Kooij and colleagues (2018). During a virtual reality
task, they provided participants both reinforcement and error feedback when attempting to hit a target. They found error
corrections were smaller with a greater frequency of reinforcement feedback [42]. The authors suggested their result was
from an implicit reinforcement process acting in opposition to error corrections. Our work suggests a complementary pos-
sibility, that their findings may also reflect reinforcement history suppressing error corrections.

Ours and van der Kooij (2018) results seemingly contradict Nikooyan and Ahmed (2015) [43], who found that rein-
forcement feedback increases error corrections against a constant visual rotation of feedback. This puzzling difference is
resolved by examining experimental differences in reinforcement feedback. We and van der Kooij (2018) provided binary
reinforcement feedback. On the other hand, Nikooyan and Ahmed (2015) gave graded reinforcement feedback, which
increased in numeric value as participants ascended a gradient that aligned with the direction of error corrections. Unsur-
prisingly, humans ascend reinforcement gradients [27,43,53]. Graded reinforcement feedback can provide directionality to
explicit strategies. There is an incentive to move further along the graded feedback to get to greater reward. Rather than
measuring a modulatory effect of reinforcement on error corrections, Nikooyan and Ahmed (2015) likely measured how
graded reinforcement can continuously shift explicit aiming towards a better strategy. Sugiyama and colleagues (2023)
also used graded reinforcement feedback to shape error corrections. Unlike Nikooyan and Ahmed (2015) they found no
effect of reinforcement feedback on adaptation learning rates, but they did find a difference in learning retention. That
effects found in Nikooyan and Ahmed (2015) and Sugiyama (2023) is likely separate from the modulatory influence of
reinforcement history we have identified in this work. How graded reinforcement feedback interacts with the modulatory
effects of reinforcement history is an interesting and open question.

In Experiment 3, we showed that reward valence from the previous trial suppresses implicit error corrections. In con-
trast, Al-Fawakhiri and colleagues (2023) found no influence of reinforcement on implicit adaptation. Comparing the two
studies, we had greater statistical power (N=30 within subjects design vs. N=24 between subjects design), and we gave
both visual, monetary, and auditory reinforcement feedback instead of only auditory feedback. This inconsistency points to
the potentially small effect of reinforcement on implicit error corrections.

Surprisingly, we found no influence of the immediate-history of punishment on implicit error corrections. Previous work
by Galea and colleagues (2015) and Sugiyama and colleagues (2023) showed that participants learn more with greater
punishment feedback [24,54]. In combination with our result, this would suggest that faster learning with punishment feed-
back is driven by explicit corrections, but aiming reports [8] are likely required to fully understand the influence of punish-
ment feedback on explicit error corrections. Further work is needed to parse the explicit and implicit effects of punishment
feedback.

An important aspect of our experimental design in Experiment 3 was controlling for the potential influence of task
errors. Operationally, a task error is when a participant misses their motor goal [47,51,55]. Task errors are known to drive
explicit action selection [7,8,15,26]. We controlled for explicit corrections in Experiment 3, and here were primarily inter-
ested in controlling the implicit effects of task error. In our task, we controlled for implicit task errors by embedding error
clamps within a target in our large target and large target reinforcement conditions. Therefore, there was no implicit task
error in either condition. This experimental control allowed us to probe the influence of reinforcement given immediately
before an implicit error correction, without confounding it with an implicit task error signal.
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Hitting a visual target (no task error) attenuates implicit error corrections [47,51,52]. Opinions in the literature are
currently split on how implicit task error drives the attenuation of implicit sensorimotor adaptation. Some favour the idea
that implicit task errors drive an independent learning process [47,52]. Conversely, others believe implicit task errors
are just a moniker for reinforcement-based modulation [46]. Here we have shown that extrinsic reinforcement feedback
suppresses implicit sensorimotor adaptation. Our effect is similar to others that show a target hit (no implicit task error)
attenuates implicit error corrections. Therefore, our extrinsic reinforcement feedback may simply be a gain on a shared
mechanism. Targets hits may generate an “intrinsic” reinforcement signal. In fact, evidence from zebra finches shows
that dopaminergic neurons in the ventral tegmental area (VTA) respond to hitting or missing sensorimotor targets during
song practice, supporting the existence of an “intrinsic” reinforcement signal [56,57]. Moreover, this activity in the VTA
is causal. Lesioning the VTA impairs song practice in zebra finches even in the absence of extrinsic reinforcement [58].
Given the evidence for an intrinsic reinforcement signal, we question the parsimony of invoking an independent implicit
task error process.

Previous models that consider the effects of reinforcement and error acting together have taken the same general
approach. Specifically, both Izawa and Shadmehr (2011) and Roth and colleagues (2024) conceptualized error and rein-
forcement as two independent learning processes [59]. Cashaback (2017) showed that error-based processes dominated
over reinforcement-based processes to update reach aim. Our followup work highlighted that these two independent pro-
cesses can still have an interplay with one another, since they are both updating at the same time [30,31]. This work led
us to the current study and modelling framework, where we tested the idea of whether the reinforcement-based process
directly interacts with error-based processes. Therefore, we chose to model the connection between error and reinforce-
ment as a modulatory relationship [24,47,54]. In Experiment 1 & 2 we used the simplest modelling architecture possible
that could capture error corrections and potential modifying quantities (e.g., expected value and reward prediction error).
Similar to Galea et. al (2014) we used a single rate state space adaptation model, but also considered various modulatory
terms on the error correction [24]. In Experiment 1 & 2, our modelling analysis supports that expected value modulates
explicit error corrections. In Experiment 3, we followed a similar approach and considered modifying quantities on a
single rate state space model. Our best fit model was the Reward Valence Floored model, which captured both (1) the
immediate-history of reinforcement attenuating implicit error corrections and (2) punishment’s limited effect in Experiment
3. Together, these models suggest that reinforcement history influences error corrections through a higher-level explicit
representation of expected value, and that a reinforcing stimuli during an error effects implicit error corrections through a
lower-level mechanism acting through the reinforcer.

There are limitations to our simple modelling approach. Similar to Kim and colleagues’ (2019) Adaptation Modulation
Model, reinforcement in all of our models is operationalized as binary [47,51]. However, reinforcement stimuli of different
magnitude influence dopaminergic neurons in a continuous fashion [2]. How differences in reward magnitude (e.g., mon-
etary value) influences error corrections is currently unknown. Furthermore, reinforcement of varying magnitude can be
presented along gradients [27,43]. Future models will need to address the influence of reward magnitude and gradients
on both explicit and implicit error corrections.

Neural evidence is consistent with midbrain dopaminergic neurons interacting with implicit and explicit error correc-
tions. Converging evidence from neuroanatomy, rodent models, and clinical populations have associated motor learning
of dopaminergic neurons are sweeping, and one dopaminergic neuron may make up to one million synaptic connections
[66]. These sprawling connections interface with multiple regions, including the dorsolateral prefrontal cortex [67,68] and
cerebellum [69,70]. The dorsolateral prefrontal cortex is linked with explicit [71] error corrections and the cerebellum is
associated with implicit error corrections [16,35,72—76]. These connections may be modulatory, as dopaminergic neurons
potentiate memories at the cellular and behavioural level [67,68,77]. Modulatory connections between the motor and
reward regions of the brain are consistent with our behavioural results.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014574 August 3, 2026 14 /26




A Computational
PLOS }. Biology

Here we directly controlled reinforcement history, and parsed its effect on explicit and implicit error corrections. Future
work could address the interactions between explicit and implicit corrections, potentially by directly manipulating explicit
strategies. Taken together, our results show that a successful reinforcement history suppresses both explicit and implicit
error corrections. Understanding the interactions between multiple motor learning processes has direct implications for all
settings where motor skills are learned—from neurorehabilitation, athletics, prosthetics, and beyond.

Methods
Ethics statement

All participants provided written informed consent in accordance with the University of Delaware’s Institutional Review
Board. The University of Delaware approved the proposed research and submitted documents via Full Committee Review
in compliance with the pertinent federal regulations. The IRB approval number is 1602458.

Participants

111 healthy adults were recruited across three experiments. Participants were free of all orthopaedic and neurological con-
ditions that would influence reaching. Experiment 1 had 40 participants (28 Females and 12 Males, average age: 24 + 3.5
(standard deviation) years), Experiment 2 had 40 participants (17 Females and 23 Males, average age: 23 + 4.0 years),
and Experiment 3 had 31 participants (16 Females and 15 Males, average age: 22 + 2.0 years). One participant’s data
was excluded from Experiment 3 due to their inability to follow instructions (e.g., purposely closing eyes while reaching to
targets). Participants were informed they would receive a base compensation of $5.00 during the experiment with up to an
additional $5.00 based on their performance. All participants received the full $10.00 independently of their performance.

Apparatus

All experiments were performed on a KINARM endpoint robotic manipulandum (Fig 1A; BKIN Technologies, Kingston,
ON). Each participant grasped the end of the manipulandum with their right hand and made reaching movements in the
horizontal plane. A semi-silvered mirror blocked the vision of their arm and hand, while also reflecting virtual images (e.qg.,
targets, cursors) from an LCD into the horizontal plane of the motion. All tasks were custom coded in MATLAB Simulink,
and then compiled in C to be run on KINARM'’s Dexterit-E software. Kinematic data were recorded at 1000 Hz and stored
offline for analysis. All data were de-identified and imported onto an external personal computer for analysis.

Experimental design

General task protocol. In all experiments, participants saw a circular home location (0.75 cm radius). The home
location was 15 cm from each participant’s sternum. In all experiments, participants also saw a singular, circular target.
For Experiment 1 and 2 the target had a radius 1.25 cm (Fig 1A). For Experiment 3, the target was small or large
depending on the trial. The targets had a radius of 0.5 cm and 1.25 cm, respectively (Fig 4A). The forward distance from
the home location to the center of the target was 20 cm. In all experiments, participants also saw a thin boundary arc. The
thin boundary arc had a 0.5 cm width and 90° angular size (Fig 1A) The forward distance from the home location to the
boundary arc was 23.25 cm.

At the start of each trial, the robotic manipulandum would move their hand to the home location along a minimum jerk
trajectory. When within 1.6 cm of the home location, the participants could see a yellow circular cursor (0.3 cm radius)
aligned with their hand. Once their hand stopped within the home location, participants waited between 250—-1000 ms
drawn from a uniform distribution. The home location then turned yellow to indicate that the participant was free to initiate
a reach towards the target. Participants were verbally encouraged to initiate a reach at the presentation of the go cue. If
a participant initiated a reach too early they were verbally instructed to move back to the home location and wait until it
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turned yellow. Participants were instructed to cross over the boundary arc and stop. The boundary arc disappeared once
crossed. The trial ended once their hand was stationary for 125 ms. The purpose of this procedure was to prevent antici-
patory, erroneous reaches. In Supplementary D in the S1 Appendix, we analyze average response times of participants
and show there was no influence of response time on mean error corrections for Experiment 1 and 2. That analysis sup-
ports response time did not effect the relative engagement of the explicit versus implicit process.

Types of task feedback.

Reinforcement Feedback. When participants were given extrinsic reinforcement feedback the target briefly turned
blue and expanded, they heard a pleasant noise, and participants were told they earned monetary reward towards a
performance bonus. Past research shows visual, auditory, and monetary stimuli to be reinforcing [78-80].

Punishment Feedback. In just Experiment 3, participants could receive punishment feedback. Participants saw the
target turn red, they heard a negative buzzer sound, and were told they lost money from a performance bonus.

Error Clamp. When given an error clamp [48], participants were briefly shown endpoint cursor feedback when they
passed through the horizontal axis of the target. Endpoint feedback has been used effectively to induce implicit and
explicit error corrections in trials following an error [7,8,15,81]. Endpoint feedback also prevents online feedback error
corrections, which ensures our metrics were measuring feedforward motor commands.

Unknown to the participants, however, the cursor feedback was experimentally controlled to be a set distance from the
center of the target. We experimentally controlled the error size to assess participants’ error corrections on the next trial.

Veridical Endpoint Feedback. When given veridical endpoint feedback, participants had their cursor position briefly
flashed at their hand location when they passed through the horizontal axis of the target.

No Feedback. Finally, participants could also receive no visual feedback of their performance.

Experiment 1 and 2 design. The goal of Experiment 1 was to manipulate the reinforcement history to test whether
expected value or reward prediction errors modulates explicit and/or implicit error corrections. In this experiment,
participants were instructed to “hit the target” and were free to explicitly direct their aim.

The goal of Experiment 2 was to manipulate the reinforcement history to test whether expected value or reward pre-
diction errors modulate just implicit error corrections. In contrast to Experiment 1, participants were instructed to “always
aim to the target center and ignore the cursor feedback” for all trials. Participants were also educated on explicit re-aiming
strategies using a dartboard example on a whiteboard. The experimenter communicated that performance at darts can
improve by changing your aiming location, or by “subconsciously” improving. The experimenter told participants we were
interested in this “subconscious” component of learning and therefore to always aim for the target center. Participants
repeated the instructions back to the experimenter to confirm they understood the task. This instruction allowed us to iso-
late implicit error corrections from any contaminating effect of explicit corrections. Apart from any instruction differences,
all aspects of Experiment 1 and 2 used the same experimental design.

Long-history of reinforcement. The long-history of reinforcement was manipulated by providing probabilistic
reinforcement feedback across the majority of the trials. Participants were randomized into a 20% or an 80% probability of
reinforcement group. A consequence of this probabilistic methodology is that any individual would not necessarily receive
an actual reward rate of 20% or 80%. Critically, these different reinforcement probabilities acting over many trials allowed
us to dissociate whether the sensorimotor system uses expected value or reward prediction errors to modulate error
corrections.

For both Experiments 1 and 2, participants performed 50 baseline trials. Participants received endpoint feedback in the
first 30 trials of baseline. Participants received no visual feedback in the last 20 trials of baseline.

After baseline, participants performed 48 blocks that each contained 13 trials (Fig 1D). For the first 10 trials of each
13 trial block [i.e., t-13,...,t-4], participants had either a 20% or an 80% probability of reinforcement feedback when they
reached through an unseen reward region. Otherwise, participants received no feedback.
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Each participant’s baseline variability was used to calculate the size of the unseen reward region. Baseline variabil-
ity was calculated over the last 40 baseline trials. The last 40 trials contained a mixture of visual (first 20 trials) and no
visual feedback trials (last 20 trials). This mixture is representative our task, given it was a mix of visual and no visual
feedback.

The region was centered on the target and its width was +3 standard deviations of participant baseline variability [27].
The large but finite size of the reward region prevented any obvious misses from being rewarded. This also helped keep
participants naive to the reinforcement feedback manipulation.

Short-history of reinforcement. The short-history of reinforcement was manipulated by using reinforcement clamps
(Fig 1D). These reinforcement clamps were provided to the participant after the first 10 trials of each block [i.e., t-3, t-2].
Specifically, we manipulated whether they experienced a successful short-history [t-3 =reinforcement, t-2 =reinforcement]
or a less successful one [t-3 =reinforcement, t-2=no reinforcement]. Participants received only binary reinforcement
feedback and no endpoint feedback on short-history reinforcement clamps. Half of the short-history clamps were a
successful short-history and half were a less successful short-history. The order of these clamps were pseudorandomized
within “super-blocks” of 8 clamps. Our pseudorandomization prevented the successive presentation of too many of
the same short-history clamp type. This manipulation allowed us to probe any short term effects of reinforcement on
upcoming error corrections.

Error Clamps. The last trial [t-1] of every block was an error clamp (Fig 1C). Error clamp locations could be in the
center or outside of the target. The error clamp location was pseudo-randomized between the blocks.

Half of the error clamps (24 out of 48) imposed a visual error on the cursor of 4.4°. Error clamps were relatively small
for a few reasons. One was to protect subjects’ sense of contingency. Larger errors are more noticeable [82]. Secondly,
we wanted to limit any potentially dominating effects of explicit corrections. The explicit process can compensate with
greater magnitude and more quickly to large errors [83,84]. Also, implicit corrections peak at error sensitivity at smaller
error sizes [85]. Therefore, smaller clamp sizes ensured a more equal contribution of both processes. The direction of
these imposed errors was counterbalanced so that half of these error clamps were on the left and the other half on the
right side of the target. No reinforcement feedback was given on missed trials.

Half of the error clamps (24 out of 48) imposed a visual error on the cursor of 4.4°. Error clamps were relatively small
for a few reasons. One was to protect subjects’ sense of contingency. Larger errors are more noticeable [82]. Secondly,
we wanted to limit any potentially dominating effects of explicit corrections. The explicit process can compensate with
greater magnitude and more quickly to large errors [83,84]. Also, implicit corrections have the greatest error sensitivity at
small error sizes [85]. Therefore, smaller clamp sizes ensured a more equal contribution of both processes by preventing
large explicit corrections and ensuring the implicit system was still sensitive to the error. The direction of these imposed
errors was counterbalanced so that half of these error clamps were on the left and the other half on the right side of the
target. No reinforcement feedback was given on missed ftrials.

The position for the other half of error clamps was randomly drawn from a uniform distribution. The distribution spanned
half the width of the target aligned on the target center. These errors clamps within the target helped keep participants
naive to the feedback manipulation by simulating a range of successful trials, while still controlling their actual feedback.
Participants also received reinforcement feedback on the center clamp trials as they hit the target.

Our pseudorandomized procedure for error clamp types also contributed to participant naivety. We organized every 8
error clamps into a “super-block.” In each super block we had 2 left clamps, 2 right clamps, and 4 clamps within the target
center. Our pseudorandomization prevented the successive presentation of more than two of the same clamp type.

After an error clamp trial, participants corrected for the error clamp on the next trial [t]. Trial [t] was the first trial of the
next block.Error corrections to right error clamps were multiplied by -1 so that corrections to both right and left clamps
were expressed as positive values. The mean error correction was taken across all error corrections as the main depen-
dent measure for each participant.
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Experiment 3 design. The goal of Experiment 3 was to test whether the immediate-history of reinforcement or
punishment influences implicit error corrections. Participants had identical instructions to Experiment 2 (“always aim to the
target center and ignore the cursor feedback”) and were also instructed on the nature of explicit re-aiming.

Immediate-history of reinforcement and punishment. The immediate-history of reinforcement was manipulated by
providing reinforcement on the same trial as error clamps [i.e., t-1]. Likewise, the immediate-history of punishment was
manipulated by providing punishment on the same trial as error clamps [i.e., t-1].

We used a within subjects design where participants experienced one of four possible conditions: large target, large
target with reinforcement, small target, and small target with punishment (Fig 4A). In the large target condition, partici-
pants received no reinforcement. In the large reinforcement condition, participants received reinforcement when they hit
the target. Notably, they also received reinforcement during error clamp trials. In the small target condition, participants
did not receive punishment when they missed the target. In the small target punishment condition, participants received
punishment when they missed the target. Participants completed 7-point Likert scales to verify that reinforcement and
punishment feedback were interpreted correctly. They responded to the statements, “It felt good when | hit the target and
it turned blue” and “It felt bad when | missed the target and it turned red”. On average participants agreed with both state-
ments (average score for reward: 6.58, average score for punishment: 6.03). They also received punishment during error
clamp trials. All conditions showed participants endpoint feedback, although it was not veridical during error clamps.

Baseline trials for each individual were identical to Experiment 1 and 2. Participants experienced 15 blocks of 40 trials.
Each block was subdivided into 8 mini-blocks of 5 trials, presented in pseudorandom order (Fig 4B). Each mini-block was
only one of four conditions. During the middle 3 trials of each mini-block, one of the trials was randomly chosen to be an
error clamp. This mini-block structure ensured that the error clamps and error corrections were within the same condition.
Each condition appeared twice within a block to counterbalance the error clamps on both sides of the target.

Error clamps [i.e., t-1] for all conditions were 2°. Thus, the cursor feedback was embedded within the target for the
large target and large target reinforcement conditions. Keeping a constant target size between the large target and large
target reinforcement conditions allowed us to test whether reinforcement influenced implicit error corrections, indepen-
dent of task errors [47,52]. Conversely, the error clamp was always outside the target for the small target and small target
punishment conditions. Keeping a constant target size between the small target and small target reinforcement conditions
allowed us to test whether punishment influenced implicit error corrections, independent of task errors. That is, for all large
target conditions there was no task error and for all small target conditions there was always a task error, allowing us to
observe the independent influence of reinforcement and punishment on error corrections. After an error clamp trial, partici-
pants corrected for the error clamp on the next trial [i.e., ].

Data analysis

Data analysis was performed using Python. Endpoint was measured when the hand position crossed the y-position of the
target. Reach angle was calculated as the angle between 1) the line that intersected the home location and target, and

2) the line that intersected the home location and endpoint. Reach angles were calculated as positive when clockwise
relative to the target, with the home location as the center of rotation. Error corrections were calculated as the hand angle
difference between trial after and on an error clamp. Error corrections to right error clamps were multiplied by -1 so that
corrections to both right and left clamps were expressed as positive values. The mean error correction was taken across
all error corrections as the primary outcome measure for each participant.

Statistical analysis

All statistical tests were performed using the Python Pingouin package unless otherwise stated. A 2 (80% and 20% Rein-
forcement) x 2 (Reinforcement Clamp 1 and 2) mixed ANOVA was performed for both experiment 1 & 2 as an omnibus
test. Follow-up mean comparisons were performed with bootstrapped permutation tests (1,000,000 bootstraps) [86—89]
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using custom functions in the Cashaback Lab’s analysis utilities package (https://github.com/CashabackLab/AnalysisUt-
ilities). All permutation tests were Holm-Bonferroni corrected to control the type 1 error rate. The significance level was
set to a = 0.05. Two-tailed tests were used in Experiment 1 and 2 because of no clear directionality in the theoretical
predictions. In Experiment 3, one-tailed tests were used because of expected theoretical effects. The results and interpre-
tation remained the same for one and two-tailed tests. We computed the Common Language Effect Size (9) for all mean
comparisons.

Computational modelling

Experiment 1 models. The sensorimotor system corrects movements after errors. A first order approximation of this
process is the single rate state space model [13,20,49,50]. Here we consider the simple case without motor noise:

er= (T-Xi) (12)

X1 = Xi+ Bey (13)

where ey is the error signal between the motor target (T) and the sensory feedback of the executed movement (X;). 3 is
the learning rate on the error signal. X4 represents the adjustment of the motor system (i.e., change in an internal model
or action selection).

We consider that the reinforcement system may modulate error corrections. This modulation may arise from one of two
key quantities encoded in the midbrain dopaminergic neurons: expected value or reward prediction error [2,36—38].

Expected value and reward prediction error calculations

Here, we model the estimation of expected value and the calculation of reward prediction error from the environment with
a Monte Carlo reinforcement model (Sutton & Barto, eq. 6.1) [1,90-93]. In a Monte Carlo reinforcement model, the agent
samples states and reward is received at the end of each trial. The total reward (ar;) is then used to update a value func-
tion (EV, expected value). Here, the value function for each state T (i.e., a motor target) is updated by the reward predic-
tion error (RPE;). RPE is the difference between actual («ar;) and expected reward (EV¢(T)), multiplied by a learning rate
() at the end of each trial:

RPE: = ar—EV(T) (14)

EVia(T) = EVHT) +yRPE; (15)

where r; is the signed presence of reward (r; = 1), absence (r; = 0), or punishment (r; =—1). In our simple experiments,
the agent only has one possible T. Thus, we will drop the state argument from future notation for simplicity. Using this
framework we develop hypotheses for single trial error corrections.

Expected Value Model: One hypothesis is that expected value directly modulates the error correction in the single rate
state space model:

X1 = Xi + (1 = EVieq) ey (16)

Reward Prediction Error Model: Alternatively, another hypothesis is that Reward Prediction Error performs the modulation
instead:
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X1 = Xt + (1 — RPE)pey (17)

No Modulation Model: Finally, there may be no modulation of error corrections by either reinforcement learning quantity:

Xiv1 = Xi + By (18)

Experiment 1 is agnostic to the explicit and implicit distinction based on the instructions to, “hit the target and ignore cursor
feedback.” Likewise the models above aggregate implicit and explicit processes. The goal of Experiment 2 was to isolate
the implicit contribution of error corrections.

Experiment 2 models. The single rate state space model is a simplification of human sensorimotor adaptation.
Previous work supports that error-based learning is composed of an explicit and implicit process [7,8,15]. Explicit
strategies may be implemented nonlinearly, but we assume here that explicit corrections also follow a linear state space
equation as in Taylor and colleagues (2011). For simplicity, we assume no complex interactions between the processes
[94]. Implicit error corrections are calculated between the explicit motor target and the last executed movement, as in
previous aim point correction models [27,31,49,95]. Overall motor execution (X;) is a function of both the explicit and the
implicit process: [83]

Xexplicit - X;axplicit + ﬂexplicit(T_ Xt)

t+1 (’] 9)

Xlt'T1plicit = )(t'mplicit + ﬁimplicit( X;sxplicit_ Xt) (20)
- licit implicit

Xy = X4 X700 1)

If we fix the explicit strategy to the motor target location (as in Experiment 2) for all { to zero [i.e., Xfx"""’” =T = 0], then we

recover a single rate state space equation describing only the implicit process:
)drrflicit - Xlt'T1pIicit + ﬁimplicit(T_ X;mplicit) (22)

Similarly, we consider whether expected value or the reward prediction error could modulate implicit error corrections in

the following models.

Expected Value Model:

)(‘mplicit - )(;mplicit + (1 _ EVH.1 ) Bimplicit(-,-_ Xlt'mplicit)

t+1 (23)
Reward Prediction Error Model:
melicit — X:t'mplicit + (1 — RPEy)gimPlicit( T _ X;mplicit) (24)
No Modulation Model:
X1;r+n1plicit - ><;mplicit + gimplicit T _ X;mpﬁcit) (25)

Experiment 3 models. Reward Valence Model: The reward valence, ar;, directly modulates implicit error corrections [47].

)qTflicit - Xit'mplicit + (1 —a rt) ﬂimplicit(T_ Xit'mplicit)

(26)
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The Expected Value and Reward Prediction Error models can become mathematically equivalent to the Reward Valence
Model when only considering the immediate history of reinforcement (Supplementary B in S1 Appendix). For the
Expected Value model this occurs when the learning rate of EV, v, is = 1. For the Reward Prediction Model this occurs
when v = 0. Indeed, in our modelling analysis both floored versions of the models converged to the reward valence
model.

Reward Valence Floored Model: It is possible that actions with negative valence (punishment) do not or have little influ-
ence on error corrections. We implement this idea by flooring the reward valence in the reward valence model:

XMl = ydmpicit (1 _lard + art> gimplcit (T _ il
2 (27)
Here the reward valence is floored because any time ar; becomes negative, it is cancelled by its absolute value |ary|.
Expected Value Floored Model:
Xiémflicit - X;mplicit + (1 _ |E Vt+1| + Evt+1 ) ﬁimplicjt(T— Xi‘mplicit)
2 (28)
Reward Prediction Error Floored Model:
)qulicit — Xi;mplicit + (1 _ |RPEt| + RPEt)B,'mp/,‘ci[(T_)qmplicit)
2 (29)
No Modulation Model:
)érrf/icit - Xlt'mplicit + ﬁimplicit(T_ )(;mplicit) (30)

Task Error Model: [47] Another possibility is that implicit error corrections driven by sensory prediction errors (SPE) occur
alongside another implicit task error (TE) signal in a dual error model. Task error is the difference in desired motor perfor-
mance (hitting the target) and actual motor performance.

Xﬁﬁ’E = X?PE + 6SPE()<teXplicit_Xt) (31)
XiG= XF+p™5(G-T) (32)
Xt = XhE+ XI5 (33)

Identical to Kim (2019), we operationalize the task error into a binary signal that is present with a target hit and absent
with a target miss. As before, we fix the explicit process on the motor target, T.

Xg/:E - X;SPE + BSPE(T_ X;mpncn) (34)
e= {0 Nt
1, miss (35)
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X5 = X[F+pETE (36)

X7t = XSHE + X[5 (37)

Model fitting. Models were fit separately to each experiment. Procedures are similar to Roth (2024) [31,96]. Models
were fit using the Powell algorithm in the optimize.minimize function from the Scipy Python package (v1.11.1).

Each model was fit by first simulating 500 participants. Given the probabilistic nature of our experimental tasks these
multiple simulations ensured stable estimates of model outcomes. Different simulated participants had differing trial order-
ing and reinforcement. The Scipy optimizer was configured to minimize the mean squared error (MSE), using Powell’s
method, between the subjects in each experimental group and the model, separately for each experiment.

Model fits began with a “warm-start” procedure where models were initialized with random parameters 5,000 times
and then fit. The lowest loss parameters of the warm-starts were chosen as the initial parameters for our bootstrapping
procedure. In that procedure our experimental data was resampled with replacement 10,000 times. Models were fit to the
resampled data. Our bootstrapping procedure generated posterior distributions of the best fit parameters. These posterior
distributions enabled us to generate 95% confidence intervals for each parameter (Supplementary A in S1 Appendix).
The median of each parameter posterior distribution was used as the best fit parameter for each parameter and for each
model. Reinforcement valence parameters («) were constrained to be greater than 0 as the sign of the valence was
hardcoded into r; in the simulations. g and v were constrained to be between [0,1] as negative learning rates and learning
rates greater than the error size were assumed to be erroneous.

Best-fit model selection. Our model loss was defined as the mean-squared error (MSE) between the model
prediction (z) and each individuals’ average error correction (X;;):

(Xij— 2))?

N

MSE = Z

i

M
:1]

N
- (38)

where M is the number of groups/conditions in a given experiment, and N is the number of participants in the given group/
condition. The best fit models were first selected based on their ability to capture statistically significant experimental
trends. A model was falsified if it could not explain the experimental result. If the model captured the experimental data,
we then considered its Akaike Information Criteria (AIC) and Bayesian Information Criteria (BIC) score. AIC and BIC both
score models based on Mean Squared Error (MSE), while punishing for the number of parameters. Smaller scores indi-
cate relatively better models. The AIC and BIC can be calculated using MSE: [97]

BIC = klIn(n) + nIn(MSE) (40)

Supporting information

S$1 Appendix. Supplementary A: All Model Fits, Supplementary B: Convergence of Expected Value and Reward
Prediction Error in Experiment 3, Supplementary C: Error Corrections over Time in Experiment 1 and 2, Supple-
mentary D: Influence of Response Time on Error Corrections.

(PDF)

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014574 August 3, 2026 22126



https://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014574.s001

Author contributions

Conceptualization: John Buggeln, Seth R. Sullivan, Jan A. Calalo, Truc T. Ngo, Adam M Roth, Michael J. Carter, Joshua
G.A. Cashaback.

Data curation: John Buggeln.

Formal analysis: John Buggeln, Adam M Roth, Joshua G.A. Cashaback.
Funding acquisition: Joshua G.A. Cashaback.

Investigation: John Buggeln, Nicholas Muscara, Adam M Roth.
Methodology: John Buggeln, Adam M Roth, Joshua G.A. Cashaback.
Project administration: John Buggeln, Joshua G.A. Cashaback.
Software: John Buggeln, Adam M Roth.

Supervision: John Buggeln, Joshua G.A. Cashaback.

Validation: John Buggeln, Jan A. Calalo.

Visualization: John Buggeln, Seth R. Sullivan, Matthew Short, Adam M Roth.
Writing — original draft: John Buggeln, Joshua G.A. Cashaback.

Writing — review & editing: John Buggeln, Seth R. Sullivan, Jan A. Calalo, Matthew Short, Michael J. Carter, Joshua
G.A. Cashaback.

References
Schultz W, Dayan P, Montague PR. A neural substrate of prediction and reward. 1997.

2. Schultz W. Behavioral theories and the neurophysiology of reward. Annu Rev Psychol. 2006;57:87—115. https://doi.org/10.1146/annurev.
psych.56.091103.070229 PMID: 16318590

3. Leech KA, Roemmich RT, Gordon J, Reisman DS, Cherry-Allen KM. Updates in Motor Learning: Implications for Physical Therapist Practice and
Education. Phys Ther. 2022;102(1):pzab250. https://doi.org/10.1093/ptj/pzab250 PMID: 34718787

4. Therrien AS, Wong AL. Mechanisms of Human Motor Learning Do Not Function Independently. Front Hum Neurosci. 2022;15:785992. https://doi.
org/10.3389/fnhum.2021.785992 PMID: 35058767

5. Cashaback JGA, Allen JL, Chou AH, Lin DJ, Price MA, Secerovic NK, Song S, Zhang H, Miller HL. NSF DARE—Transforming Modeling in Neu-
rorehabilitation: A Patient-in-the-Loop Framework. J NeuroEng Rehabil. 2024 Feb;21(1):23. https://doi.org/10.1186/s12984-024-01318-9

6. Martin TA, Keating JG, Goodkin HP, Bastian AJ, Thach WT. Throwing while looking through prisms: Il. Specificity and storage of multiple gaze--
throw calibrations. Brain. 1996;119(4):1199-211. https://doi.org/10.1093/brain/119.4.1199

7. Taylor JA, Ivry RB. Flexible cognitive strategies during motor learning. PLoS Comput Biol. 2011;7(3):e1001096. https://doi.org/10.1371/journal.
pcbi.1001096 PMID: 21390266

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

9. Schween R, McDougle SD, Hegele M, Taylor JA. Assessing explicit strategies in force field adaptation. J Neurophysiol. 2020;123(4):1552—65.
https://doi.org/10.1152/jn.00427.2019 PMID: 32208878

10. French MA, Morton SM, Reisman DS. Use of explicit processes during a visually guided locomotor learning task predicts 24-h retention after
stroke. J Neurophysiol. 2021;125(1):211-22. https://doi.org/10.1152/jn.00340.2020 PMID: 33174517

11.  French MA, Cohen ML, Pohlig RT, Reisman DS. Fluid Cognitive Abilities Are Important for Learning and Retention of a New, Explicitly Learned Walk-
ing Pattern in Individuals After Stroke. Neurorehabil Neural Repair. 2021;35(5):419-30. https://doi.org/10.1177/15459683211001025 PMID: 33754890

12. Wood JM, Thompson E, Wright H, Festa L, Morton SM, Reisman DS, et al. Explicit and implicit locomotor learning in individuals with chronic hemi-
paretic stroke. J Neurophysiol. 2024;132(4):1172-82. https://doi.org/10.1152/jn.00156.2024 PMID: 39230337

13. Thoroughman KA, Shadmehr R. Learning of action through adaptive combination of motor primitives. Nature. 2000;407(6805):742—7. https://doi.
0rg/10.1038/35037588 PMID: 11048720

14. Donchin O, Francis JT, Shadmehr R. Quantifying generalization from trial-by-trial behavior of adaptive systems that learn with basis functions:
theory and experiments in human motor control. J Neurosci. 2003;23(27):9032—45. https://doi.org/10.1523/JNEUROSCI.23-27-09032.2003 PMID:
14534237

PLOS Computational Biology | https:/doi.org/10.1371/journal.pcbi.1014574 August 3, 2026 231726



https://doi.org/10.1146/annurev.psych.56.091103.070229
https://doi.org/10.1146/annurev.psych.56.091103.070229
http://www.ncbi.nlm.nih.gov/pubmed/16318590
https://doi.org/10.1093/ptj/pzab250
http://www.ncbi.nlm.nih.gov/pubmed/34718787
https://doi.org/10.3389/fnhum.2021.785992
https://doi.org/10.3389/fnhum.2021.785992
http://www.ncbi.nlm.nih.gov/pubmed/35058767
https://doi.org/10.1186/s12984-024-01318-9
https://doi.org/10.1093/brain/119.4.1199
https://doi.org/10.1371/journal.pcbi.1001096
https://doi.org/10.1371/journal.pcbi.1001096
http://www.ncbi.nlm.nih.gov/pubmed/21390266
https://doi.org/10.1523/JNEUROSCI.3619-13.2014
http://www.ncbi.nlm.nih.gov/pubmed/24553942
https://doi.org/10.1152/jn.00427.2019
http://www.ncbi.nlm.nih.gov/pubmed/32208878
https://doi.org/10.1152/jn.00340.2020
http://www.ncbi.nlm.nih.gov/pubmed/33174517
https://doi.org/10.1177/15459683211001025
http://www.ncbi.nlm.nih.gov/pubmed/33754890
https://doi.org/10.1152/jn.00156.2024
http://www.ncbi.nlm.nih.gov/pubmed/39230337
https://doi.org/10.1038/35037588
https://doi.org/10.1038/35037588
http://www.ncbi.nlm.nih.gov/pubmed/11048720
https://doi.org/10.1523/JNEUROSCI.23-27-09032.2003
http://www.ncbi.nlm.nih.gov/pubmed/14534237

PLO.\S.ﬁ\;- Computational

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

Biology

Mazzoni P, Krakauer JW. An implicit plan overrides an explicit strategy during visuomotor adaptation. J Neurosci. 2006;26(14):3642-5. https://doi.
org/10.1523/JNEUROSCI.5317-05.2006 PMID: 16597717

Tseng Y-W, Diedrichsen J, Krakauer JW, Shadmehr R, Bastian AJ. Sensory prediction errors drive cerebellum-dependent adaptation of reaching. J
Neurophysiol. 2007;98(1):54—62. https://doi.org/10.1152/jn.00266.2007 PMID: 17507504

Shadmehr R, Smith MA, Krakauer JW. Error correction, sensory prediction, and adaptation in motor control. Annu Rev Neurosci. 2010;33:89-108.
https://doi.org/10.1146/annurev-neuro-060909-153135 PMID: 20367317

Shadmehr R, Mussa-lvaldi FA. Adaptive representation of dynamics during learning of a motor task. J Neurosci. 1994;14(5 Pt 2):3208—24. https://
doi.org/10.1523/JNEUROSCI.14-05-03208.1994 PMID: 8182467

Cheng S, Sabes PN. Modeling sensorimotor learning with linear dynamical systems. Neural Comput. 2006;18(4):760-93. https://doi.
org/10.1162/089976606775774651 PMID: 16494690

Burge J, Ernst MO, Banks MS. The statistical determinants of adaptation rate in human reaching. J Vis. 2008;8(4):20.1-19. https://doi.
org/10.1167/8.4.20 PMID: 18484859

Wei K, Kording K. Uncertainty of feedback and state estimation determines the speed of motor adaptation. Front Comput Neurosci. 2010;4:11.
https://doi.org/10.3389/fncom.2010.00011 PMID: 20485466

van Beers RJ. How does our motor system determine its learning rate?. PLoS One. 2012;7(11):e49373. https://doi.org/10.1371/journal.
pone.0049373 PMID: 23152899

Haith AM, Krakauer JW. Model-based and model-free mechanisms of human motor learning. Adv Exp Med Biol. 2013;782:1-21. https://doi.
0rg/10.1007/978-1-4614-5465-6_1 PMID: 23296478

Galea JM, Mallia E, Rothwell J, Diedrichsen J. The dissociable effects of punishment and reward on motor learning. Nat Neurosci. 2015;18(4):597—
602. https://doi.org/10.1038/nn.3956

Therrien AS, Wolpert DM, Bastian AJ. Effective reinforcement learning following cerebellar damage requires a balance between exploration and
motor noise. Brain. 2016;139(Pt 1):101-14. https://doi.org/10.1093/brain/awv329 PMID: 26626368

Holland P, Codol O, Galea JM. Contribution of explicit processes to reinforcement-based motor learning. J Neurophysiol. 2018;119(6):2241-55.
https://doi.org/10.1152/jn.00901.2017 PMID: 29537918

Cashaback JGA, Lao CK, Palidis DJ, Coltman SK, McGregor HR, Gribble PL. The gradient of the reinforcement landscape influences sensorimotor
learning. PLoS Comput Biol. 2019;15(3):e1006839. https://doi.org/10.1371/journal.pchi. 1006839 PMID: 30830902

Wood JM, Kim HE, Morton SM. Reinforcement Learning during Locomotion. eNeuro. 2024;11(3):ENEURO.0383-23.2024. https://doi.org/10.1523/
ENEURO.0383-23.2024 PMID: 38438263

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

Roth AM, Calalo JA, Lokesh R, Sullivan SR, Grill S, Jeka JJ, et al. Reinforcement-based processes actively regulate motor exploration along
redundant solution manifolds. Proc Biol Sci. 2023;290(2009):20231475. https://doi.org/10.1098/rspb.2023.1475 PMID: 37848061

Roth AM, Buggeln JH, Hoh JE, Wood JM, Sullivan SR, Ngo TT, et al. Roles and interplay of reinforcement-based and error-based processes
during reaching and gait in neurotypical adults and individuals with Parkinson’s disease. PLoS Comput Biol. 2024;20(10):e1012474. https://doi.
org/10.1371/journal.pcbi. 1012474 PMID: 39401183

Roth AM, Lokesh R, Tang J, Buggeln JH, Smith C, Calalo JA, et al. Punishment Leads to Greater Sensorimotor Learning But Less Movement
Variability Compared to Reward. Neuroscience. 2024;540:12-26. https://doi.org/10.1016/j.neuroscience.2024.01.004 PMID: 38220127

van Mastrigt NM, Tsay JS, Wang T, Avraham G, Abram SJ, van der Kooij K, et al. Implicit reward-based motor learning. Exp Brain Res.
2023;241(9):2287-98. https://doi.org/10.1007/s00221-023-06683-w PMID: 37580611

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

Uehara S, Mawase F, Celnik P. Learning Similar Actions by Reinforcement or Sensory-Prediction Errors Rely on Distinct Physiological Mecha-
nisms. Cereb Cortex. 2018;28(10):3478-90. https://doi.org/10.1093/cercor/bhx214 PMID: 28968827

Musallam S, Corneil BD, Greger B, Scherberger H, Andersen RA. Cognitive Control Signals for Neural Prosthetics. Science. 2004;305(5681):258—
62. https://doi.org/10.1126/science.1097938

Tobler PN, Fiorillo CD, Schultz W. Adaptive coding of reward value by dopamine neurons. Science. 2005;307(5715):1642-5. https://doi.
org/10.1126/science.1105370 PMID: 15761155

Yamada H, Imaizumi Y, Matsumoto M. Neural population dynamics underlying expected value computation. J Neurosci. 2021;41(8):1684—98.
https://doi.org/10.1523/JNEUROSCI.1987-20.2020

Hollerman JR, Schultz W. Dopamine neurons report an error in the temporal prediction of reward during learning. Nat Neurosci. 1998;1(4):304-9.
https://doi.org/10.1038/1124 PMID: 10195164

O’Doherty JP, Dayan P, Friston K, Critchley H, Dolan RJ. Temporal difference models and reward-related learning in the human brain. Neuron.
2003;38(2):329-37. https://doi.org/10.1016/s0896-6273(03)00169-7 PMID: 12718865

Schultz W. Behavioral Dopamine Signals. Trends Neurosci. 2007;30(5):203—-10. https://doi.org/10.1016/}.tins.2007.03.007

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014574  August 3, 2026 24126



https://doi.org/10.1523/JNEUROSCI.5317-05.2006
https://doi.org/10.1523/JNEUROSCI.5317-05.2006
http://www.ncbi.nlm.nih.gov/pubmed/16597717
https://doi.org/10.1152/jn.00266.2007
http://www.ncbi.nlm.nih.gov/pubmed/17507504
https://doi.org/10.1146/annurev-neuro-060909-153135
http://www.ncbi.nlm.nih.gov/pubmed/20367317
https://doi.org/10.1523/JNEUROSCI.14-05-03208.1994
https://doi.org/10.1523/JNEUROSCI.14-05-03208.1994
http://www.ncbi.nlm.nih.gov/pubmed/8182467
https://doi.org/10.1162/089976606775774651
https://doi.org/10.1162/089976606775774651
http://www.ncbi.nlm.nih.gov/pubmed/16494690
https://doi.org/10.1167/8.4.20
https://doi.org/10.1167/8.4.20
http://www.ncbi.nlm.nih.gov/pubmed/18484859
https://doi.org/10.3389/fncom.2010.00011
http://www.ncbi.nlm.nih.gov/pubmed/20485466
https://doi.org/10.1371/journal.pone.0049373
https://doi.org/10.1371/journal.pone.0049373
http://www.ncbi.nlm.nih.gov/pubmed/23152899
https://doi.org/10.1007/978-1-4614-5465-6_1
https://doi.org/10.1007/978-1-4614-5465-6_1
http://www.ncbi.nlm.nih.gov/pubmed/23296478
https://doi.org/10.1038/nn.3956
https://doi.org/10.1093/brain/awv329
http://www.ncbi.nlm.nih.gov/pubmed/26626368
https://doi.org/10.1152/jn.00901.2017
http://www.ncbi.nlm.nih.gov/pubmed/29537918
https://doi.org/10.1371/journal.pcbi.1006839
http://www.ncbi.nlm.nih.gov/pubmed/30830902
https://doi.org/10.1523/ENEURO.0383-23.2024
https://doi.org/10.1523/ENEURO.0383-23.2024
http://www.ncbi.nlm.nih.gov/pubmed/38438263
https://doi.org/10.1523/JNEUROSCI.3244-14.2015
https://doi.org/10.1523/JNEUROSCI.3244-14.2015
http://www.ncbi.nlm.nih.gov/pubmed/25740529
https://doi.org/10.1098/rspb.2023.1475
http://www.ncbi.nlm.nih.gov/pubmed/37848061
https://doi.org/10.1371/journal.pcbi.1012474
https://doi.org/10.1371/journal.pcbi.1012474
http://www.ncbi.nlm.nih.gov/pubmed/39401183
https://doi.org/10.1016/j.neuroscience.2024.01.004
http://www.ncbi.nlm.nih.gov/pubmed/38220127
https://doi.org/10.1007/s00221-023-06683-w
http://www.ncbi.nlm.nih.gov/pubmed/37580611
https://doi.org/10.1523/JNEUROSCI.3303-16.2017
https://doi.org/10.1523/JNEUROSCI.3303-16.2017
https://doi.org/10.1093/cercor/bhx214
http://www.ncbi.nlm.nih.gov/pubmed/28968827
https://doi.org/10.1126/science.1097938
https://doi.org/10.1126/science.1105370
https://doi.org/10.1126/science.1105370
http://www.ncbi.nlm.nih.gov/pubmed/15761155
https://doi.org/10.1523/JNEUROSCI.1987-20.2020
https://doi.org/10.1038/1124
http://www.ncbi.nlm.nih.gov/pubmed/10195164
https://doi.org/10.1016/s0896-6273(03)00169-7
http://www.ncbi.nlm.nih.gov/pubmed/12718865
https://doi.org/10.1016/j.tins.2007.03.007

PLO.\S.ﬁ\;- Computational

42.

43.

44.

45.

46.

47.
48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.
69.

Biology

van der Kooij K, Oostwoud Wijdenes L, Rigterink T, Overvliet KE, Smeets JBJ. Reward abundance interferes with error-based learning in a visuo-
motor adaptation task. PLoS One. 2018;13(3):e0193002. https://doi.org/10.1371/journal.pone.0193002 PMID: 29513681

Nikooyan AA, Ahmed AA. Reward feedback accelerates motor learning. J Neurophysiol. 2015;113(2):633—46. https://doi.org/10.1152/jn.00032.2014
PMID: 25355957

Trommershauser J, Maloney LT, Landy MS. Statistical decision theory and trade-offs in the control of motor response. Spat Vis. 2003;16(3—4):255—
75. https://doi.org/10.1163/156856803322467527 PMID: 12858951

Dhawale AK, Miyamoto YR, Smith MA, Olveczky BP. Adaptive Regulation of Motor Variability. Curr Biol. 2019;29(21):3551-3562.e7. https://doi.
org/10.1016/j.cub.2019.08.052

Leow L-A, Marinovic W, de Rugy A, Carroll TJ. Task errors contribute to implicit aftereffects in sensorimotor adaptation. Eur J Neurosci.
2018;48(11):3397—409. https://doi.org/10.1111/ejn.14213 PMID: 30339299

Kim HE, Parvin DE, Ivry RB. The influence of task outcome on implicit motor learning. 2019;28.

Morehead JR, Taylor JA, Parvin DE, Ivry RB. Characteristics of Implicit Sensorimotor Adaptation Revealed by Task-irrelevant Clamped Feedback.
J Cogn Neurosci. 2017;29(6):1061-74. https://doi.org/10.1162/jocn_a_01108 PMID: 28195523

van Beers RJ. Motor learning is optimally tuned to the properties of motor noise. Neuron. 2009;63(3):406—17. https://doi.org/10.1016/j.neu-
ron.2009.06.025 PMID: 19679079

Morehead JR, Orban De Xivry J. A Synthesis of the Many Errors and Learning Processes of Visuomotor Adaptation. 2021. https://doi.
org/10.1101/2021.03.14.435278

Al-Fawakhiri N, Ma A, Taylor JA, Kim OA. Exploring the role of task success in implicit motor adaptation. J Neurophysiol. 2023;130(2):332—44.
https://doi.org/10.1152/jn.00061.2023 PMID: 37403601

Tsay JS, Haith AM, Ivry RB, Kim HE. Interactions between sensory prediction error and task error during implicit motor learning. PLoS Comput Biol.
2022;18(3):e1010005. https://doi.org/10.1371/journal.pcbi.1010005 PMID: 35320276

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

Sugiyama T, Schweighofer N, Izawa J. Reinforcement learning establishes a minimal metacognitive process to monitor and control motor learning
performance. Nat Commun. 2023;14(1):3988. https://doi.org/10.1038/s41467-023-39536-9 PMID: 37422476

Reichenthal M, Avraham G, Karniel A, Shmuelof L. Target size matters: target errors contribute to the generalization of implicit visuomotor learning.
J Neurophysiol. 2016;116(2):411-24. https://doi.org/10.1152/jn.00830.2015 PMID: 27121580

Gadagkar V, Puzerey PA, Chen R, Baird-Daniel E, Farhang AR, Goldberg JH. Dopamine neurons encode performance error in singing birds. Sci-
ence. 2016;354(6317):1278-82. https://doi.org/10.1126/science.aah6837 PMID: 27940871

Chen R, Goldberg JH. Actor-critic reinforcement learning in the songbird. Curr Opin Neurobiol. 2020;65:1-9. https://doi.org/10.1016/j.
conb.2020.08.005 PMID: 32898752

Hisey E, Kearney MG, Mooney R. A common neural circuit mechanism for internally guided and externally reinforced forms of motor learning. Nat
Neurosci. 2018;21(4):589-97. https://doi.org/10.1038/s41593-018-0092-6 PMID: 29483664

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

Fléel A, Breitenstein C, Hummel F, Celnik P, Gingert C, Sawaki L, et al. Dopaminergic influences on formation of a motor memory. Ann Neurol.
2005;58(1):121-30. https://doi.org/10.1002/ana.20536 PMID: 15984008

Hosp JA, Coenen VA, Rijntjes M, Egger K, Urbach H, Weiller C, et al. Ventral tegmental area connections to motor and sensory cortical fields in
humans. Brain Struct Funct. 2019;224(8):2839-55. https://doi.org/10.1007/s00429-019-01939-0 PMID: 31440906

Luft AR, Schwarz S. Dopaminergic signals in primary motor cortex. Int J Dev Neurosci. 2009;27(5):415-21. https://doi.org/10.1016/].
ijdevneu.2009.05.004 PMID: 19446627

Molina-Luna K, Pekanovic A, Rohrich S, Hertler B, Schubring-Giese M, Rioult-Pedotti M-S, et al. Dopamine in motor cortex is necessary for skill
learning and synaptic plasticity. PLoS One. 2009;4(9):e7082. https://doi.org/10.1371/journal.pone.0007082 PMID: 19759902

Hosp JA, Pekanovic A, Rioult-Pedotti MS, Luft AR. Dopaminergic projections from midbrain to primary motor cortex mediate motor skill learning. J
Neurosci. 2011;31(7):2481-7. https://doi.org/10.1523/JNEUROSCI.5411-10.2011 PMID: 21325515

Leemburg S, Canonica T, Luft A. Motor skill learning and reward consumption differentially affect VTA activation. Sci Rep. 2018;8(1):687. https://
doi.org/10.1038/s41598-017-18716-w PMID: 29330488

Lanciego JL, Luquin N, Obeso JA. Functional neuroanatomy of the basal ganglia. Cold Spring Harb Perspect Med. 2012;2(12):a009621. https://
doi.org/10.1101/cshperspect.a009621

Speranza L, Di Porzio U, Viggiano D, De Donato A, Volpicelli F. Dopamine: The neuromodulator of long-term synaptic plasticity, reward and move-
ment control. Cells. 2021;10(4):735. https://doi.org/10.3390/cells10040735

Wise RA. Dopamine, learning and motivation. Nat Rev Neurosci. 2004;5(6):483—-94. https://doi.org/10.1038/nrn1406 PMID: 15152198

Bostan AC, Dum RP, Strick PL. The basal ganglia communicate with the cerebellum. Proc Natl Acad Sci U S A. 2010;107(18):8452—6. https://doi.
org/10.1073/pnas.1000496107 PMID: 20404184

PLOS Computational Biology | https:/doi.org/10.1371/journal.pcbi.1014574 August 3, 2026 251726



https://doi.org/10.1371/journal.pone.0193002
http://www.ncbi.nlm.nih.gov/pubmed/29513681
https://doi.org/10.1152/jn.00032.2014
http://www.ncbi.nlm.nih.gov/pubmed/25355957
https://doi.org/10.1163/156856803322467527
http://www.ncbi.nlm.nih.gov/pubmed/12858951
https://doi.org/10.1016/j.cub.2019.08.052
https://doi.org/10.1016/j.cub.2019.08.052
https://doi.org/10.1111/ejn.14213
http://www.ncbi.nlm.nih.gov/pubmed/30339299
https://doi.org/10.1162/jocn_a_01108
http://www.ncbi.nlm.nih.gov/pubmed/28195523
https://doi.org/10.1016/j.neuron.2009.06.025
https://doi.org/10.1016/j.neuron.2009.06.025
http://www.ncbi.nlm.nih.gov/pubmed/19679079
https://doi.org/10.1101/2021.03.14.435278
https://doi.org/10.1101/2021.03.14.435278
https://doi.org/10.1152/jn.00061.2023
http://www.ncbi.nlm.nih.gov/pubmed/37403601
https://doi.org/10.1371/journal.pcbi.1010005
http://www.ncbi.nlm.nih.gov/pubmed/35320276
https://doi.org/10.1007/s00221-015-4542-z
http://www.ncbi.nlm.nih.gov/pubmed/26746312
https://doi.org/10.1038/s41467-023-39536-9
http://www.ncbi.nlm.nih.gov/pubmed/37422476
https://doi.org/10.1152/jn.00830.2015
http://www.ncbi.nlm.nih.gov/pubmed/27121580
https://doi.org/10.1126/science.aah6837
http://www.ncbi.nlm.nih.gov/pubmed/27940871
https://doi.org/10.1016/j.conb.2020.08.005
https://doi.org/10.1016/j.conb.2020.08.005
http://www.ncbi.nlm.nih.gov/pubmed/32898752
https://doi.org/10.1038/s41593-018-0092-6
http://www.ncbi.nlm.nih.gov/pubmed/29483664
https://doi.org/10.1371/journal.pcbi.1002012
http://www.ncbi.nlm.nih.gov/pubmed/21423711
https://doi.org/10.1002/ana.20536
http://www.ncbi.nlm.nih.gov/pubmed/15984008
https://doi.org/10.1007/s00429-019-01939-0
http://www.ncbi.nlm.nih.gov/pubmed/31440906
https://doi.org/10.1016/j.ijdevneu.2009.05.004
https://doi.org/10.1016/j.ijdevneu.2009.05.004
http://www.ncbi.nlm.nih.gov/pubmed/19446627
https://doi.org/10.1371/journal.pone.0007082
http://www.ncbi.nlm.nih.gov/pubmed/19759902
https://doi.org/10.1523/JNEUROSCI.5411-10.2011
http://www.ncbi.nlm.nih.gov/pubmed/21325515
https://doi.org/10.1038/s41598-017-18716-w
https://doi.org/10.1038/s41598-017-18716-w
http://www.ncbi.nlm.nih.gov/pubmed/29330488
https://doi.org/10.1101/cshperspect.a009621
https://doi.org/10.1101/cshperspect.a009621
https://doi.org/10.3390/cells10040735
https://doi.org/10.1038/nrn1406
http://www.ncbi.nlm.nih.gov/pubmed/15152198
https://doi.org/10.1073/pnas.1000496107
https://doi.org/10.1073/pnas.1000496107
http://www.ncbi.nlm.nih.gov/pubmed/20404184

PLO.\Sﬁ;- Computational

70.

71.

72.

73.

74.

75.

76.

77.
78.
79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.
93.

94.

95.

96.

97.

Biology

Hoshi E, Tremblay L, Féger J, Carras PL, Strick PL. The cerebellum communicates with the basal ganglia. Nat Neurosci. 2005;8(11):1491-3.
https://doi.org/10.1038/nn1544 PMID: 16205719

Anguera JA, Reuter-Lorenz PA, Willingham DT, Seidler RD. Contributions of spatial working memory to visuomotor learning. J Cogn Neurosci.
2010;22(9):1917-30. https://doi.org/10.1162/jocn.2009.21351 PMID: 19803691

Martin TA, Keating JG, Goodkin HP, Bastian AJ, Thach WT. Throwing while looking through prisms: |I. Focal olivocerebellar lesions impair adapta-
tion. Brain. 1996;119(4):1183-98. https://doi.org/10.1093/brain/119.4.1183

Morton SM, Bastian AJ. Cerebellar contributions to locomotor adaptations during splitbelt treadmill walking. J Neurosci. 2006;26(36):9107-16.
https://doi.org/10.1523/JNEUROSCI.2622-06.2006 PMID: 16957067

Spampinato D, Celnik P. Multiple Motor Learning Processes in Humans: Defining Their Neurophysiological Bases. Neuroscientist. 2021;27(3):246—
67. https://doi.org/10.1177/1073858420939552 PMID: 32713291

Pasalar S, Roitman AV, Durfee WK, Ebner TJ. Force field effects on cerebellar Purkinje cell discharge with implications for internal models. Nat
Neurosci. 2006;9(11):1404—11. https://doi.org/10.1038/nn1783 PMID: 17028585

Medina JF, Lisberger SG. Links from complex spikes to local plasticity and motor learning in the cerebellum of awake-behaving monkeys. Nat
Neurosci. 2008;11(10):1185-92. https://doi.org/10.1038/nn.2197 PMID: 18806784

Duncan K, Shohamy D. Dopamine and Learning. The Oxford Handbook of Human Memory. 2022.
Blatter K, Schultz W. Rewarding properties of visual stimuli. Exp Brain Res. 2006;168(4):541-6. https://doi.org/10.1007/s00221-005-0114-y

Ferreri L, Mas-Herrero E, Zatorre RJ, Ripollés P, Gomez-Andres A, Alicart H, et al. Dopamine modulates the reward experiences elicited by music.
Proc Natl Acad Sci U S A. 2019;116(9):3793-8. https://doi.org/10.1073/pnas.1811878116 PMID: 30670642

Delgado MR, Locke HM, Stenger VA, Fiez JA. Dorsal striatum responses to reward and punishment: effects of valence and magnitude manipula-
tions. Cogn Affect Behav Neurosci. 2003;3(1):27-38. https://doi.org/10.3758/CABN.3.1.27

Hinder MR, Tresilian JR, Riek S, Carson RG. The contribution of visual feedback to visuomotor adaptation: how much and when? Brain Res.
2008;1197:123-34. https://doi.org/10.1016/j.brainres.2007.12.067 PMID: 18241844

Werner S, van Aken BC, Hulst T, Frens MA, van der Geest JN, Strider HK, et al. Awareness of sensorimotor adaptation to visual rotations of differ-
ent size. PLoS One. 2015;10(4):e0123321. https://doi.org/10.1371/journal.pone.0123321 PMID: 25894396

McDougle SD, Bond KM, Taylor JA. Explicit and Implicit Processes Constitute the Fast and Slow Processes of Sensorimotor Learning. J Neurosci.
2015;35(26):9568-79. https://doi.org/10.1523/JNEUROSCI.5061-14.2015 PMID: 26134640

Bond KM, Taylor JA. Flexible explicit but rigid implicit learning in a visuomotor adaptation task. J Neurophysiol. 2015;113(10):3836—49. https://doi.
org/10.1152/jn.00009.2015 PMID: 25855690

Kim HE, Morehead JR, Parvin DE, Moazzezi R, Ivry RB. Invariant errors reveal limitations in motor correction rather than constraints on error sen-
sitivity. Commun Biol. 2018;1:19. https://doi.org/10.1038/s42003-018-0021-y PMID: 30271906

Lokesh R, Sullivan S, Calalo JA, Roth A, Swanik B, Carter MJ, et al. Humans utilize sensory evidence of others’ intended action to make online
decisions. Sci Rep. 2022;12(1):8806. https://doi.org/10.1038/s41598-022-12662-y PMID: 35614073

Lokesh R, Sullivan SR, St Germain L, Roth AM, Calalo JA, Buggeln J, et al. Visual accuracy dominates over haptic speed for state estimation of a
partner during collaborative sensorimotor interactions. J Neurophysiol. 2023;130(1):23—42. https://doi.org/10.1152/jn.00053.2023 PMID: 37255214
Cashaback JGA, McGregor HR, Pun HCH, Buckingham G, Gribble PL. Does the sensorimotor system minimize prediction error or select the most
likely prediction during object lifting? J Neurophysiol. 2017;117(1):260-74. https://doi.org/10.1152/jn.00609.2016 PMID: 27760821

Calalo JA, Roth AM, Lokesh R, Sullivan SR, Wong JD, Semrau JA, et al. The sensorimotor system modulates muscular co-contraction relative
to visuomotor feedback responses to regulate movement variability. J Neurophysiol. 2023;129(4):751-66. https://doi.org/10.1152/jn.00472.2022
PMID: 36883741

Sutton B. Reinforcement Learning. 2014.

Rescorla RA, Wagner AR. A theory of pavlovian conditioning: Variations in the effectiveness in reinforcement versus nonreinforcement. 1972.
Schultz W. Predictive reward signal of dopamine neurons. J Neurophysiol. 1998;80(1):1-27. https://doi.org/10.1152/jn.1998.80.1.1

McDougle SD, Boggess MJ, Crossley MJ, Parvin D, Ivry RB, Taylor JA. Credit assignment in movement-dependent reinforcement learning. Proc
Natl Acad Sci U S A. 2016;113(24):6797-802. https://doi.org/10.1073/pnas.1523669113 PMID: 27247404

Albert ST, Jang J, Modchalingam S, 'T Hart BM, Henriques D, Lerner G, et al. Competition between parallel sensorimotor learning systems. eLife.
2022;11:65361. https://doi.org/10.7554/eL ife.65361

McDougle SD, Bond KM, Taylor JA. Implications of plan-based generalization in sensorimotor adaptation. J Neurophysiol. 2017;118(1):383-93.
https://doi.org/10.1152/jn.00974.2016 PMID: 28404830

Calalo JA, Ngo TT, Sullivan SR, Strand K, Buggeln JH, Lokesh R, et al. Online Movements Reflect Ongoing Deliberation. J Neurosci.
2025;45(31):e1913242025. https://doi.org/10.1523/JNEUROSCI.1913-24.2025 PMID: 40592575

Burnham KP, Anderson DR. Multimodel inference: Understanding AIC and BIC in model selection. Soc Methods Res. 2004;33(2):261-304. https://
doi.org/10.1177/0049124104268644

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014574  August 3, 2026 26726



https://doi.org/10.1038/nn1544
http://www.ncbi.nlm.nih.gov/pubmed/16205719
https://doi.org/10.1162/jocn.2009.21351
http://www.ncbi.nlm.nih.gov/pubmed/19803691
https://doi.org/10.1093/brain/119.4.1183
https://doi.org/10.1523/JNEUROSCI.2622-06.2006
http://www.ncbi.nlm.nih.gov/pubmed/16957067
https://doi.org/10.1177/1073858420939552
http://www.ncbi.nlm.nih.gov/pubmed/32713291
https://doi.org/10.1038/nn1783
http://www.ncbi.nlm.nih.gov/pubmed/17028585
https://doi.org/10.1038/nn.2197
http://www.ncbi.nlm.nih.gov/pubmed/18806784
https://doi.org/10.1007/s00221-005-0114-y
https://doi.org/10.1073/pnas.1811878116
http://www.ncbi.nlm.nih.gov/pubmed/30670642
https://doi.org/10.3758/CABN.3.1.27
https://doi.org/10.1016/j.brainres.2007.12.067
http://www.ncbi.nlm.nih.gov/pubmed/18241844
https://doi.org/10.1371/journal.pone.0123321
http://www.ncbi.nlm.nih.gov/pubmed/25894396
https://doi.org/10.1523/JNEUROSCI.5061-14.2015
http://www.ncbi.nlm.nih.gov/pubmed/26134640
https://doi.org/10.1152/jn.00009.2015
https://doi.org/10.1152/jn.00009.2015
http://www.ncbi.nlm.nih.gov/pubmed/25855690
https://doi.org/10.1038/s42003-018-0021-y
http://www.ncbi.nlm.nih.gov/pubmed/30271906
https://doi.org/10.1038/s41598-022-12662-y
http://www.ncbi.nlm.nih.gov/pubmed/35614073
https://doi.org/10.1152/jn.00053.2023
http://www.ncbi.nlm.nih.gov/pubmed/37255214
https://doi.org/10.1152/jn.00609.2016
http://www.ncbi.nlm.nih.gov/pubmed/27760821
https://doi.org/10.1152/jn.00472.2022
http://www.ncbi.nlm.nih.gov/pubmed/36883741
https://doi.org/10.1152/jn.1998.80.1.1
https://doi.org/10.1073/pnas.1523669113
http://www.ncbi.nlm.nih.gov/pubmed/27247404
https://doi.org/10.7554/eLife.65361
https://doi.org/10.1152/jn.00974.2016
http://www.ncbi.nlm.nih.gov/pubmed/28404830
https://doi.org/10.1523/JNEUROSCI.1913-24.2025
http://www.ncbi.nlm.nih.gov/pubmed/40592575
https://doi.org/10.1177/0049124104268644
https://doi.org/10.1177/0049124104268644

	Successful reinforcement history suppresses explicit and implicit error corrections
	Introduction
	Results
	EXPERIMENT 1
	Experiment 1 design. In all experiments participants saw a circular home location, a single circular target, a thin boundary arc, and had no vision of their hand (Fig 1A). Participants were instructed to “hit the target” by reaching quickly through the ta
	Experiment 1 models - a priori predictions. We made a priori model predictions of error corrections. A first-order approximation of the error correction process is: [13,14,20,24,49,50]
	Experiment 1 results. In Experiment 1 we manipulated the reinforcement history to test whether expected value or reward prediction errors modulate explicit and/or implicit error corrections. Fig 2 shows the hand angle over time of two separate participant

	EXPERIMENT 2
	Experiment 2 methods. To isolate implicit error corrections, we repeated Experiment 1 with one crucial difference to the task instructions. Participants were instructed to maintain a constant explicit strategy, “always aim to the target center and ignore 
	Experiment 2 models - a priori predictions. It is well-established that error-based learning is composed of an explicit and an implicit process [8]. If the implicit process is isolated, we can use the same models as described above specifically for the im
	Experiment 2 results. In Experiment 2 we manipulated the reinforcement history to test whether expected value or reward prediction errors modulate implicit error corrections. Unlike the first experiment, we found no main effect of the long-history reinfor

	EXPERIMENT 3
	Experiment 3 methods. Participants had identical instructions to Experiment 2 (“always aim to the target center and ignore the cursor feedback”) to isolate implicit error corrections. The immediate-history of reinforcement was manipulated by providing rei
	Experiment 3 results. In Experiment 3 we manipulated the immediate-history of reinforcement or punishment to test their influence on implicit error corrections. Fig 4B shows hand angle data from a representative participant illustrating how the feedback c
	Experiment 3 model - a posteriori fits. In Experiment 3 we found that the immediate-history influenced error corrections. Thus, we considered the possibility that the immediately experienced reward valence may modulate implicit error corrections.


	Discussion
	Methods
	Ethics statement
	Participants
	Apparatus
	Experimental design
	General task protocol. In all experiments, participants saw a circular home location (0.75 cm radius). The home location was 15 cm from each participant’s sternum. In all experiments, participants also saw a singular, circular target. For Experiment 1 and

	Types of task feedback.
	Reinforcement Feedback. When participants were given extrinsic reinforcement feedback the target briefly turned blue and expanded, they heard a pleasant noise, and participants were told they earned monetary reward towards a performance bonus. Past resear
	Punishment Feedback. In just Experiment 3, participants could receive punishment feedback. Participants saw the target turn red, they heard a negative buzzer sound, and were told they lost money from a performance bonus.
	Error Clamp. When given an error clamp [48], participants were briefly shown endpoint cursor feedback when they passed through the horizontal axis of the target. Endpoint feedback has been used effectively to induce implicit and explicit error corrections
	Veridical Endpoint Feedback. When given veridical endpoint feedback, participants had their cursor position briefly flashed at their hand location when they passed through the horizontal axis of the target.
	Experiment 1 and 2 design. The goal of Experiment 1 was to manipulate the reinforcement history to test whether expected value or reward prediction errors modulates explicit and/or implicit error corrections. In this experiment, participants were instruct
	Long-history of reinforcement. The long-history of reinforcement was manipulated by providing probabilistic reinforcement feedback across the majority of the trials. Participants were randomized into a 20% or an 80% probability of reinforcement group. A c
	Short-history of reinforcement. The short-history of reinforcement was manipulated by using reinforcement clamps (Fig 1D). These reinforcement clamps were provided to the participant after the first 10 trials of each block [i.e., t-3, t-2]. Specifically, 
	Error Clamps. The last trial [t-1] of every block was an error clamp (Fig 1C). Error clamp locations could be in the center or outside of the target. The error clamp location was pseudo-randomized between the blocks.
	Experiment 3 design. The goal of Experiment 3 was to test whether the immediate-history of reinforcement or punishment influences implicit error corrections. Participants had identical instructions to Experiment 2 (“always aim to the target center and ign

	Data analysis
	Statistical analysis
	 Experiment 1 models. The sensorimotor system corrects movements after errors. A first order approximation of this process is the single rate state space model [13,20,49,50]. Here we consider the simple case without motor noise:


	Computational modelling
	Expected value and reward prediction error calculations
	Experiment 2 models. The single rate state space model is a simplification of human sensorimotor adaptation. Previous work supports that error-based learning is composed of an explicit and implicit process [7,8,15]. Explicit strategies may be implemented 
	Experiment 3 models. Reward Valence Model: The reward valence, , directly modulates implicit error corrections [47].
	Model fitting. Models were fit separately to each experiment. Procedures are similar to Roth (2024) [31,96]. Models were fit using the Powell algorithm in the optimize.minimize function from the Scipy Python package (v1.11.1).
	Best-fit model selection. Our model loss was defined as the mean-squared error (MSE) between the model prediction () and each individuals’ average error correction ():


	Supporting information
	References


