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Abstract

Motor adaptation can be achieved through error-based learning, driven by sensory predic-
tion errors, or reinforcement learning, driven by reward prediction errors. Recent work on
visuomotor adaptation has shown that reinforcement learning leads to more persistent
adaptation when visual feedback is removed, compared to error-based learning in which
continuous visual feedback of the movement is provided. However, there is evidence that
error-based learning with terminal visual feedback of the movement (provided at the end of
movement) may be driven by both sensory and reward prediction errors. Here we examined
the influence of feedback on learning using a visuomotor adaptation task in which partici-
pants moved a cursor to a single target while the gain between hand and cursor movement
displacement was gradually altered. Different groups received either continuous error feed-
back (EC), terminal error feedback (ET), or binary reinforcement feedback (success/fail) at
the end of the movement (R). Following adaptation we tested generalization to targets
located in different directions and found that generalization in the ET group was intermediate
between the EC and R groups. We then examined the persistence of adaptation in the EC
and ET groups when the cursor was extinguished and only binary reward feedback was pro-
vided. Whereas performance was maintained in the ET group, it quickly deteriorated in the
EC group. These results suggest that terminal error feedback leads to a more robust form of
learning than continuous error feedback. In addition our findings are consistent with the view
that error-based learning with terminal feedback involves both error-based and reinforce-
ment learning.

Introduction

Sensorimotor adaptation can be achieved through error-based learning or reinforcement
learning, which are generally considered to involve different computations and have distinct
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neural underpinnings [1-4]. Whereas error-based learning is thought to rely on sensory pre-
diction errors (e.g., a difference between the observed and predicted position of the hand),
reinforcement learning is driven by reward prediction errors. In the field of motor control,
these two forms of learning have been examined using reaching tasks in which participants are
required to move a cursor to a target under a visuomotor transformation that alters the map-
ping between hand movement and cursor movement. In studies of error-based adaptation,
visual feedback of the cursor may be continuous, provided throughout the movement, or ter-
minal, only provided at the end of the movement. In studies of adaptation using reinforce-
ment, the cursor is not visible and binary feedback (success/failure) about whether the cursor
reached the target is provided.

Recent research has compared the stability of visuomotor adaptation when achieved
through either continuous error-based feedback or binary reinforcement feedback [5, 6]. For
example, Therrien and colleagues [6] adapted participants to a visuomotor rotation using
either continuous visual feedback of the cursor or binary feedback at the end of the movement
indicating whether or not the unseen cursor reached the target. Following adaptation, partici-
pants performed a hundred trials without any feedback. Whereas adaptation was maintained
in participants who had received binary feedback, it quickly decayed in participants who had
received continuous error feedback. This result suggests that binary reinforcement learning,
unlike error-based learning with continuous visual feedback, results in more persistent
changes in motor commands.

There is evidence indicating that error-based adaptation achieved through terminal feed-
back, in which the position of the cursor is only shown at the end of the reaching movement,
may involve elements of reinforcement learning. Izawa and Shadmehr [7] compared adapta-
tion, when reaching to a single target under a visuomotor rotation, in different groups who
received either continuous error feedback, terminal error feedback, or binary feedback. Fol-
lowing adaptation, they examine perceived hand position when reaching to a training target
and generalization of learning to targets in different directions. They found that generalization
was more global under continuous error feedback compared to binary feedback with interme-
diate generalization under terminal error feedback. They also found that the remapping of
hand position following adaptation under terminal error feedback was intermediate between
the remapping observed under continuous error feedback and binary feedback, in which no
remapping was observed. Based on these results, the authors concluded that adaptation with
terminal error feedback is driven by both sensory prediction errors and reinforcement predic-
tion errors.

Given the greater persistence of adaptation following binary reinforcement feedback com-
pared to continuous error feedback [6], the hypothesis that adaptation with terminal error
feedback partially involves reinforcement learning [7] predicts that adaptation with terminal
error feedback should be more persistent than adaptation with continuous feedback. The main
aim of this paper was to evaluate this prediction. Three groups of participants made reaching
movements to a training target while a change in visuomotor gain was gradually implemented.
The different groups received either continuous error feedback (EC), terminal error feedback
(ET), or binary reinforcement feedback (success/fail) at the end of the movement (R). Follow-
ing adaptation, we first examined generalization of adaptation to targets in different directions.
Our aim was to test whether, using a different adaptation task, we would observe the same pat-
tern of generalization reported by Izawa and Shadmehr [7]. Following the generalization
phase, we tested the persistence of adaptation in the EC and ET groups when the cursor was
extinguished and only binary reward feedback was provided.

We found that adaptation was more persistent in the ET group compared to the EC group.
We also found that generalization was stronger in the R group compared to EC groups, with
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intermediate generalization observed in the ET group. These results provided support for the
hypothesis that ‘error-based’ learning with terminal feedback involves reinforcement learning
in addition to error-based learning.

Materials and methods
Participants

Thirty right-handed participants—18 females and 12 males aged 24.2 + 4.5 years (mean * s.d.)
—with normal or corrected-to-normal vision took part in the experiment. The experiment
was approved by the Institutional Review Board of the Columbia University Medical Center
and conducted according to the Declaration of Helsinki. All participants gave written
informed consent prior to participating and were naive to the purpose of the study. Partici-
pants were randomly assigned to one of three groups (see below). One participant, in the EC
group, was excluded from analysis because he frequently failed to move within the specified
reach duration, and took three times as long as all other participants to complete the experi-
ment. The sample size we selected was based on previous work in this field [e.g. 8-10] showing
that 8-12 participants per group results in robust group effects, meaningful effect sizes, and
effects that are observed in the majority of individual participants.

Apparatus

Seated participants performed right-handed reaching movement while grasping the handle of
a vBOT planar robotic manipulandum [11] that measured the position of the handle at a sam-
pling rate of 1 kHz and could apply forces to the hand via the handle (Fig 1A). The right fore-
arm was supported on an air sled, which constrained the hand and arm movement to the
horizontal plane. Targets (1 cm radius disks), a home circle (0.5 cm radius disk), and a cursor
(0.3 cm radius disk) controlled by the handle were displayed on a computer monitor, which
was mounted horizontally above the vBOT. These visual stimuli were projected into the plane
of hand movement via a mirror located halfway between the monitor and the handle. The mir-
ror prevented participants from directly viewing their hand or the handle.

Procedure

Participants made reaching movements to move the cursor from the home circle, positioned
in the midsagittal plane ~35 cm in front of the chest, to one of eight possible targets (Fig 1B).
The targets were located 10 cm away from the home circle and arranged at 0° (forward reach-
ing direction in the midsagittal plane), £22.5°, £45°, £90°, and 180° (positive angles defined as
clockwise).

A visuomotor gain could be imposed between the radial displacement, from the home cir-
cle, of the cursor relative to the hand. For example, with a gain of 1.33, the participant would
be required to shorten their hand reach distance to 7.5 cm (~10/1.33) to move the cursor to a
target, located 10 cm away. With a gain of 1, the cursor is aligned with the hand position. Par-
ticipants performed all trials under a force channel environment [12] where the hand was con-
strained to a straight-line path to the target by a spring-like force (spring constant of 3000 N
m" and a damping coefficient of 5 Ns m™) acting perpendicular to the straight line to the tar-
get. This ensured that any behavioral changes during gain adaptation were attributed to
changes in the participant’s ability to control movement distance, rather than movement
direction.

Each trial started when the cursor had remained within the home circle at a speed below 3
cm s for 0.1 s. A target was then presented together with a tone indicating that participants
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Fig 1. Experimental setup and paradigm. (A) Participants grasped the handle of a robotic manipulandum (vBOT)
that could generate forces in the horizontal plane. Visual stimuli and feedback of movements were presented using a
top-mounted computer monitor seen via a mirror. (B) Participants made a reaching movement for one of eight
possible targets in each trial. The 0° target was used for both training trials (for adaptation to a novel gain) and probe
trials (for evaluation of generalization function) while the other seven targets were used only for probe trials. All trials
were performed under a force channel environment generated by vBOT. (C) Trial structure in the four phases of the
experiment. The success zone shows the range of reach distances required for binary success feedback across the
experiment.

https://doi.org/10.1371/journal.pone.0269297.9001

should initiate a movement. If participants moved before the tone or took longer than 1.0 s to
respond to the tone, they were required to repeat the trial. Participants were instructed to
make a fast reaching movement so that the cursor ended in the target. The end of the move-
ment was taken when the hand speed fell below 3 cm s™ for 0.1 s. If participants took longer
than 0.8 s to make the movement, they were provided with a “move faster” message and
required to repeat the trial. After each movement, the vBOT passively moved the participant’s
hand back to the home circle. During the passive movement, no visual feedback of the cursor
was provided.

In the experiment there were two trial types. On training trials, the target was always at 0°
and participants received feedback about their performance that depended on the group to
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which they were assigned. For the EC group, the cursor was visible throughout the movement.
For the ET group, the cursor disappeared when the hand left the home circle and reappeared
at the end of the movement at its final position for 0.2 s. For the R group, the cursor disap-
peared when the hand left the home circle and did not reappear. In all groups, if the center of
the (seen or unseen) cursor landed within the target, the target ‘exploded’ into small fragments
that scattering radially (lasting for 0.2 s) and a pleasant chime sound was played. Otherwise,
the target remained intact with no sound presented to signify failure. Note that participants in
the R group only received this binary feedback of success or failure.

In addition to these training trials, participants performed probe trials that were used to
measure generalization of learning to the eight targets. In these probe trials, no feedback was
provided. That is, the cursor was visible only at the home circle and no success or failure feed-
back was provided. These trials were indicated by a magenta target while for the other trial
types a yellow target was presented.

Whereas previous studies examining how different forms of feedback influences learning
have focused on adaptation to visuomotor rotations, we opted to examine adaptation to a
visuomotor gain change for three reasons. First, we wanted to ensure that participants could
successfully adapt their movement when only binary success or failure feedback was provided
(i.e., the R group). A previous study reported that with such binary feedback, only two-thirds
of participants successfully adapted to a gradually introduced 25° visuomotor rotation [13]. In
our pilot experiments, we also observed that a similar fraction of participants failed to adapt to
a gradually introduced visuomotor rotation (even when using a rotation angle of 15°). Second,
a complication of examining generalization following adaptation to a visuomotor rotation is
that, during adaptation, participants make reaching movements between the target direction
and the required hand direction and therefore will have already made reaching movements to
some generalization targets and not others. In contrast, as a gain change perturbs along the
reach there is no such asymmetry. Finally, we think it is valuable to use a different type of per-
turbation so as to examine the generality of previous findings.

Trial structure. Participants first completed the training phase in which they completed
21 blocks of 15 training trials in which the gain was increased slowly from 1 to 1.33 in incre-
ments of 0.167 per block, followed by two additional blocks with the final gain. The training
phase was followed by a generalization phase in which trials were performed as triplets with
two training trials followed by a probe trial to one of the 8 targets. Ten blocks of 24 trials were
performed with each of the 8 targets probed once in a pseudorandom order in each block. The
generalization phase was followed by the post-generalization phase which consisted of 15
training trials.

The post-generalization phase was followed by a transfer phase in which the EC and ET
group performed a block of 60 training trials with reinforcement feedback with the gain main-
tained at 1.33. A short rest break was given after the first 15 of these trials. For the R group, we
tested transfer to continuous error feedback. As expected, this transfer was excellent and we
did not report these data as they were not germane to our main hypothesis.

Prior to the experiment, all participants performed a familiarization session. This involved
a total of 356 trials with the gain set to 1 and distributed across the eight reach directions.
These trials included probe trials and training with all three types of feedback to ensure that all
groups had the same experience before starting the experiment and were able to calibrate
themselves to the baseline gain. To encourage participants to make similar baseline move-
ments across all types of trials, the peak speed of the movement was required to fall in a range
from 40 to 60 cm s™'. If the peak speed was outside the range, the participant was presented
with a “too slow” or “too fast” message and was required to repeat the trial. Note that this
speed constraint was imposed only in the familiarization phase. Participants then completed a
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practice session that was a shortened version of the main experiment (consisting of all trial
types they would experience in the main session) and with a gain of 1 throughout. For each of
the two feedback conditions that the participant experienced in the main experiment, there
were 30 training trials followed by a generalization phase with 5 blocks of 24 trials.

Data analysis

For each trial we calculated the gain of the movement as the ratio of the target distance (10
cm) to hand distance from the home circle at the end of the movement.

During the generalization phase each probe trial was preceded by two training trials which
were included to maintain adaptation during this phase. However, participants sometimes
failed to land on the target with the seen or unseen cursor on these training trials. Because we
were interested in describing generalization of fully adapted behavior, we implemented the fol-
lowing procedure to remove trials where behavior was not fully adapted. For each triplet of the
generalization phase (2 training trials followed by a probe trial), if the cursor on the second
training trial failed to land on the target, the probe trial was excluded from the analysis. This
criterion led to the exclusion of 6.3, 20.4, and 45.0% of the 80 probe trials from the EC, ET, and
R groups, respectively. Although the R group had the greatest exclusion (range for this group
25-65% across participants), we had a sufficient number of trials for analysis. Specifically, in
the generalization phase we included, on average, 5.5 trials out of the 10 probe trials in the R
group. The number of included trials at the ‘most excluded target’ ranged from 1 to 7 across
participants with a mean of 3.7. Note that the pattern of significance of the ANOVA, used to
assess generalization, was the same when these data were not removed.

To analyze generalization, for each target we calculated the mean gain of the probe trials
across repetitions for that target. The gain was then normalized to the gain of the probe trials
at the training (0°) target so that values represent a proportion of the adaptation for the train-
ing target.

We examined differences in generalization across groups in two ways. First, we carried out
a two-factor (group by target) mixed-design ANOVA. While the factor of groups had three
levels: EC, ET, R, the factor of target included seven levels: +22.5°, +45°, +90°, and 180°.

Mexican hat (Ricker wavelet) to the normalized gain change as a function of angular devia-
tion from the training target:

g(0) =« (1 - (g)j exp i + (1 - 2)

where o and o are the amplitude and width (s.d.) of the generalization function, and 6 is angu-
lar deviation from the training target. This function was fit to the data averaged across partici-
pants in each group by minimizing the mean squared error (MATLAB function, nlinfit). Four
models were considered which each shared or did not share values of o and/or o across groups.
We initially fit a Gaussian generalization function to the data but, based on a reviewer’s com-
ment, we used a Mexican hat function because it provided a better fit to the generalization
data. Note that our key conclusions do not depend on whether we fit the generalization data
with a Gaussian or Mexican hat.

Results

Three groups of participants adapted to a gradually implemented change in visuomotor gain
—from a cursor to hand movement gain of 1 to a gain of 1.33—while reaching in a horizontal
plane to a straight ahead (0°) training target. Each group experienced one of three forms of
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Fig 2. Time course of adaptation. (A-C) Hand reach distance in trials with the 0° training target, across the different
phases of the experiment, for the EC, ET, and R groups. The colored lines and shading show the mean and SE for each
group. The grey shading shows the reward zone.

https://doi.org/10.1371/journal.pone.0269297.9002

feedback: continuous visual feedback of the cursor controlled by the hand (EC), visual feed-
back of the terminal position of the cursor at the end of the movement (ET), or target hit suc-
cess or failure with no cursor feedback (R). Participants in all groups successfully adapted to
this gain change by decreasing their hand reach distance across trials (training phase in Fig
2A-2C). To quantify adaptation we computed, for each participant, the average reach distance
in all trials with the training target in which the gain was 1.33 (end of training phase and gener-
alization phase), and compared this value to the reach distance in the first block of training tri-
als (15 trials). Paired t-tests with Bonferroni corrections showed that for all three groups, reach
distance decreased significantly (EC: t(8) = 62.15, p = 4.50e-12, d = 26.29; ET: t(9) = 30.61,

p =2.08e-10, d = 10.82; R: t(9) = 11.93, p = 8.09¢-7, d = 3.97).
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Following this adaptation, we tested generalization of learning by intermixing no feedback
trials to targets in all 8 directions with training trials (with feedback) to the 0° target. The train-
ing trials were included to maintain adaptation. (Note that Fig 2A-2C only shows data for the
training trials). Fig 3A shows the pattern of generalization for the three groups and the best fit
Mexican hat model (see below). A two-way ANOVA showed main effects of group (F, 6 =
4,126, p = 0.028, > = 0.241) and direction (Fg, ;56 = 6.78, p<0.001, n* = 0.207) with no interac-
tion (Fy5,156 = 0.679, p = 0.77, 1> = 0.050).

To test how generalization varied across groups, we fit a Mexican hat decaying generaliza-
tion function (two parameters: @, the amplitude of decay from peak to asymptote and o, stan-
dard deviation of the Mexican hat generalization) to the three groups. We compared four
different models that varied in which parameters were shared across groups: a 2-parameter
model with a single standard deviation, o, and a single amplitude,

o (baseline model); a 4-parameter model with different ¢’s for each group and a single sin-
gle a (0 model); a 4-parameter model with a single 0 and different ’s for each group (a
model); and a 6 parameter full model with different ¢’s for each group and different o’s for
each group (full model). We found that the & model (F, 55 = 11.7, p = 4.3e-4, 1’ = 0.539) but
not the o model (F, 50 = 0.90, p = 0.42, 1* = 0.083) provided a significantly better fit than the
baseline model. Note that the likelihood ratio comparing the & model to the 0 model was 16.8
in favor of the & model. We also found that the full model was not significantly better than the
o model (F, 5 = 0.17, p = 0.85, 1> = 0.019). These results indicate that the amplitude of decay
of generalization varied across the three groups (@ of 0.15, 0.11 and 0.07, for the EC, ET and R
groups respectively) but that the width of generalization was similar (0 = 39.5°). Note that the
generalization observed in the ET group was intermediate between the generalization seen in
the EC and R groups.

To assess the variability in performance following adaptation, for each participant we com-
puted the standard deviation of the reach distance of all training trials in the generalization
and post-generalization phases where the cursor to hand movement gain was 1.33. The vari-
ability was 0.40 £ 0.03 cm (SE), 0.60 + 0.12 cm, and 0.95 + 0.21 cm in the EC, ET and R groups,
respectively (Fig 3B). A one-way ANOVA revealed that the variability significantly varied
across groups (F, 56 = 36.24, p = 3e-8, 1? = 0.736). Pairwise comparisons with Bonferroni cor-
rections revealed that the variability in the R group was significantly larger than in the EC (t
(17) =7.76, p = 1.6e-6, d = 3.567) and ET (t(18) = 4.61, p = 6.5e-6, d = 2.062) groups, and the
variability in the ET group was significantly larger than in the EC group (t(17) = 4.80, p = 5.1e-
6, d = 2.203). Note that the variability observed in the ET group was intermediate between the
variability seen in the EC and R groups.

After completing the generalization and the post-generalization phases, participants in the
two error-based learning groups (i.e., EC and ET) then completed a transfer phase in which
the gain was maintained at 1.33 and error feedback was replaced with reinforcement feedback.
Importantly, participants in the reinforcement learning group (R) were able to adapt to the
gain change and maintain this adaptation throughout the generalization phase. Thus, the
hypothesis that learning with terminal error feedback shares components with reinforcement
learning predicts that adaptation during the transfer phase should be more persistence in the
ET group compared to the EC group. As shown in Fig 2A and 2B, participants in the EC group
failed to maintain gain adaptation when reinforcement feedback was provided, whereas partic-
ipants in the ET group did maintain the adaptation. More specifically, adaptation quickly
decayed in the EC group and, on average, participants were not able to recover this adaptation
when they received binary feedback indicating that the reach was unsuccessful. In contrast,
adaptation decayed more slowly in the ET group and, on average, participants were able to
recover when they received negative binary feedback. To quantify these effects, for each
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training trials in the generalization and post-generalization phases where the cursor to hand movement gain was 1.33.
Bars show mean + SEs across participants. Dots show individual participants. (C) Hand reach distance in the second
block of 15 trials in the transfer phase with reinforcement feedback for the EC and ET groups. Grey zones show the
hand target region, which was constant (2 cm target diameter) in cursor coordinates. Bars and dots as in (B).

https://doi.org/10.1371/journal.pone.0269297.9003

participant we computed the mean change in hand reach distance from the 15 trials of the
post-generalization phase to the second block of 15 trials in the transfer phase (after which any
drift in adaptation was largely completed). This change was larger (t;; = 2.524; p = 0.022,

d =1.224) for the EC group than and the ET group. We also directly compared the two groups
on the second block of 15 trials in the transfer phase (Fig 3C). The hand reach distance was
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greater (t;; = 2.833; p=0.011, d = 1.374) in the EC group (in which 6 of 9 participants exhib-
ited means outside the reward zone), than the ET group (in which 2 of 10 participants exhib-
ited means outside this zone).

Discussion

The aim of this paper was to test the hypothesis that sensorimotor adaptation with terminal
error feedback involves elements of reinforcement learning, driven by reward prediction
errors, in addition to error-based learning, driven by sensory prediction errors. Using a visuo-
motor gain task, we compared error-based learning with continuous feedback (EC), error-
based learning with terminal feedback (ET), and reinforcement learning with binary feedback
(R). We found that when error-based feedback was removed following adaptation, learning
persisted in the ET group—as in the R group—but not in the EC group. We also found that
both the spatial generalization of learning and the variability of adapted performance in the ET
group was intermediate between the EC and R groups. All three of these findings support the
idea that error-based learning with terminal feedback is driven, in part, by reward prediction
errors (i.e., reinforcement learning).

Although the majority of studies examining motor learning have focused on error-based
learning, a growing number of motor learning studies have investigated reinforcement learn-
ing [5-7, 14-22]. Although error-based and reinforcement learning are generally considered
to involve different computations and engage different neural mechanisms [1-4], Izawa and
Shadmebhr [7] provided evidence that error-based learning with terminal feedback has com-
monalities with reinforcement learning. Using a visuomotor rotation task, these authors found
that, in comparison to error-based learning with continuous feedback, both error-based learn-
ing with terminal feedback and reinforcement learning resulted in weaker spatial generation,
increased variability of adapted performance, and far less (if any) change in the perceived posi-
tion of the hand.

Our study provides further support for the hypothesis that error-based learning with termi-
nal feedback involves reinforcement learning. As observed by Izawa and Shadmehr [7], we
found that both trial-by-trial variability and spatial generalization of adapted performance in
our ET group was intermediate between our EC and R groups. However, whereas this previous
study found that generalization was weaker in reinforcement learning than error-based learn-
ing with continuous feedback, we found the opposite effect in our task. The better generaliza-
tion we observed with reinforcement learning may reflect the use of an explicit strategy (e.g.,
aim short of the target) that participants were able to partially generalize across target direc-
tions. Error-based learning with terminal feedback may also encourage the use of such an
explicit strategy [17, 23, 24]. Consistent with this notion, a number of studies have shown that
after-effects are weaker when adaptation is driven by terminal error feedback in comparison to
continuous error feedback [23-26]. Our results are also broadly consistent with work showing
that when both continuous error feedback and reinforcement feedback are provided during
reach adaptation, continuous error feedback dominates [21]. That is, in the EC condition,
learning may be largely driven by sensory prediction errors—with either a small or negligible
contribution from reward prediction errors—whereas, in the ET condition, the contribution
of reward prediction errors may be larger such that both sensory and reward prediction errors
drive learning.

Note that in all three of our experimental groups, we observed partial generalization of gain
adaptation in all directions. This finding contrasts with a previous study on gain adaptation in
reaching which suggested full and uniform generalization across reach directions [27]. We do
not have an explanation for this difference but note that our study and the previous study
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differed in two important ways. First, in our study visual feedback was provided in the hori-
zontal plane of movement, whereas in the previous study visual feedback was provided on a
vertical screen and not in the horizontal plane of movement. There is evidence that an incon-
gruency between the plane of hand movement and the plane of visual feedback adds complex-
ity to the movement planning process [28]. Second, the gain perturbation in the previous
study was introduced instantaneously whereas in our study it was introduced gradually.
Numerous studies have shown that the rate at which a perturbation is introduced can strongly
influence motor memory formation [29-32]. According to a recent model, a new motor mem-
ory is formed in response to a rapidly introduced perturbation whereas an existing motor
memory is adapted for a gradually introduced perturbation [33]. Not only did we observe a
decrease in generalization away from the training direction, we also observed an ‘uptick’ in
generalization in the polar opposite direction to the training direction. Such an uptick, which
was well fit by a Mexican hat function, has been observed in previous studies of sensorimotor
adaptation [e.g., 34, 35]. This suggests that that learning may be linked to the axis of movement
and not just the direction.

Movement planning and control is thought to involve the specification of control policies
that determine how sensory feedback about errors is transformed into corrective motor com-
mands [36-38]. In error-based learning with continuous visual feedback, errors can be cor-
rected ‘online’ during the movement (as well as between movements) and involve implicit
remapping between commands and predicted sensory outcomes [39]. In contrast, in error-
based learning with terminal feedback, as in reinforcement learning with binary feedback, cor-
rections are generated between movements and appear to involve explicit learning of new
action-outcome relationships [5-7]. Note that the two error-feedback groups (ET and EC) also
received binary reward feedback on the training trials of the training and generalization
phases. Thus, this reward feedback alone cannot account for the reinforcement learning we
observed in the ET group.

In summary, our results support the hypothesis that error-based learning with terminal
feedback involves reinforcement learning. We show that this finding, established using a
visuomotor rotation task [7], generalizes to a different motor task involving gain adaptation.
In addition, we provide support for the hypothesis using a different measure of adaptation; i.e.,
the persistence of adaptation.

Author Contributions

Conceptualization: Tsuyoshi Ikegami, J. Randall Flanagan, Daniel M. Wolpert.
Data curation: Tsuyoshi Ikegami.

Formal analysis: Tsuyoshi Ikegami, J. Randall Flanagan, Daniel M. Wolpert.
Funding acquisition: Daniel M. Wolpert.

Investigation: Tsuyoshi Ikegami, J. Randall Flanagan, Daniel M. Wolpert.
Methodology: Tsuyoshi Ikegami, ]. Randall Flanagan, Daniel M. Wolpert.
Project administration: J. Randall Flanagan, Daniel M. Wolpert.

Software: Tsuyoshi Ikegami.

Supervision: ]. Randall Flanagan, Daniel M. Wolpert.

Validation: J. Randall Flanagan, Daniel M. Wolpert.

Visualization: J. Randall Flanagan, Daniel M. Wolpert.

PLOS ONE | https://doi.org/10.1371/journal.pone.0269297  June 1, 2022 11/13


https://doi.org/10.1371/journal.pone.0269297

PLOS ONE

Reach adaption to a visuomotor gain with terminal error feedback involves reinforcement learning

Writing - original draft: Tsuyoshi Ikegami, J. Randall Flanagan, Daniel M. Wolpert.

Writing - review & editing: Tsuyoshi Ikegami, J. Randall Flanagan, Daniel M. Wolpert.

References

1.

10.

1.

12

13.

14.

15.

16.

17.

18.

19.

20.

Wolpert DM, Diedrichsen J, Flanagan JR. Principles of sensorimotor learning. Nat Rev Neurosci. 2011;
12: 739-751. https://doi.org/10.1038/nrn3112 PMID: 22033537

Dhawale AK, Smith MA, Olveczky BP. The Role of Variability in Motor Learning. Annu Rev Neurosci.
2017; 40: 479-498. https://doi.org/10.1146/annurev-neuro-072116-031548 PMID: 28489490

Taylor JA, Ivry RB. Cerebellar and prefrontal cortex contributions to adaptation, strategies, and rein-
forcement learning. Prog Brain Res. 2014; 210: 217-253. https://doi.org/10.1016/B978-0-444-63356-9.
00009-1 PMID: 24916295

Doya K. Complementary roles of basal ganglia and cerebellum in learning and motor control. Curr Opin
Neurobiol. 2000; 10: 732—739. https://doi.org/10.1016/s0959-4388(00)00153-7 PMID: 11240282

Shmuelof L, Huang VS, Haith AM, Delnicki RJ, Mazzoni P, Krakauer JW. Overcoming motor “forgetting”
through reinforcement of learned actions. J Neurosci. 2012; 32: 14617-14621. https://doi.org/10.1523/
JNEUROSCI.2184-12.2012 PMID: 23077047

Therrien AS, Wolpert DM, Bastian AJ. Effective reinforcement learning following cerebellar damage
requires a balance between exploration and motor noise. Brain. 2016; 139: 101—-114. https://doi.org/10.
1093/brain/awv329 PMID: 26626368

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

Cesanek E, Zhang Z, Ingram JN, Wolpert DM, Flanagan JR. Motor memories of object dynamics are
categorically organized. Elife. 2021;10. https://doi.org/10.7554/eLife.71627 PMID: 34796873

Heald JB, Ingram JN, Flanagan JR, Wolpert DM. Multiple motor memories are learned to control differ-
ent points on a tool. Nat Hum Behav. 2018; 2: 300-311. https://doi.org/10.1038/s41562-018-0324-5
PMID: 29736420

Moskowitz JB, Gale DJ, Gallivan JP, Wolpert DM, Flanagan JR. Human decision making anticipates
future performance in motor learning. PLoS Comput Biol. 2020; 16: €1007632. https://doi.org/10.1371/
journal.pcbi.1007632 PMID: 32109940

Howard IS, Ingram JN, Wolpert DM. A modular planar robotic manipulandum with end-point torque con-
trol. J Neurosci Methods. 2009; 181: 199-211. https://doi.org/10.1016/j.jneumeth.2009.05.005 PMID:
19450621

Scheidt RA, Reinkensmeyer DJ, Conditt MA, Rymer WZ, Mussa-Ivaldi FA. Persistence of motor adap-
tation during constrained, multi-joint, arm movements. J Neurophysiol. 2000; 84: 853-862. https://doi.
org/10.1152/jn.2000.84.2.853 PMID: 10938312

Holland P, Codol O, Galea JM. Contribution of explicit processes to reinforcement-based motor learn-
ing. J Neurophysiol. 2018; 119: 2241-2255. https://doi.org/10.1152/jn.00901.2017 PMID: 29537918

Therrien AS, Wolpert DM, Bastian AJ. Increasing Motor Noise Impairs Reinforcement Learning in
Healthy Individuals. eNeuro. 2018;5. https://doi.org/10.1523/ENEURO.0050-18.2018 PMID: 30105298

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

Nikooyan AA, Ahmed AA. Reward feedback accelerates motor learning. J Neurophysiol. 2015; 113:
633-646. https://doi.org/10.1152/jn.00032.2014 PMID: 25355957

Codol O, Holland PJ, Galea JM. The relationship between reinforcement and explicit control during
visuomotor adaptation. Scientific Reports. 2018. https://doi.org/10.1038/s41598-018-27378-1 PMID:
29904096

Vassiliadis P, Derosiere G, Dubuc C, Lete A, Crevecoeur F, Hummel FC, et al. Reward boosts rein-
forcement-based motor learning. iScience. 2021; 24: 102821. https://doi.org/10.1016/j.isci.2021.
102821 PMID: 34345810

Dam G, Kording K, Wei K. Credit assignment during movement reinforcement learning. PLoS One.
2013; 8: €55352. https://doi.org/10.1371/journal.pone.0055352 PMID: 23408972

Wu HG, Miyamoto YR, Gonzalez Castro LN, Olveczky BP, Smith MA. Temporal structure of motor vari-
ability is dynamically regulated and predicts motor learning ability. Nat Neurosci. 2014; 17: 312-321.
https://doi.org/10.1038/nn.3616 PMID: 24413700

PLOS ONE | https://doi.org/10.1371/journal.pone.0269297  June 1, 2022 12/13


https://doi.org/10.1038/nrn3112
http://www.ncbi.nlm.nih.gov/pubmed/22033537
https://doi.org/10.1146/annurev-neuro-072116-031548
http://www.ncbi.nlm.nih.gov/pubmed/28489490
https://doi.org/10.1016/B978-0-444-63356-9.00009-1
https://doi.org/10.1016/B978-0-444-63356-9.00009-1
http://www.ncbi.nlm.nih.gov/pubmed/24916295
https://doi.org/10.1016/s0959-4388%2800%2900153-7
http://www.ncbi.nlm.nih.gov/pubmed/11240282
https://doi.org/10.1523/JNEUROSCI.2184-12.2012
https://doi.org/10.1523/JNEUROSCI.2184-12.2012
http://www.ncbi.nlm.nih.gov/pubmed/23077047
https://doi.org/10.1093/brain/awv329
https://doi.org/10.1093/brain/awv329
http://www.ncbi.nlm.nih.gov/pubmed/26626368
https://doi.org/10.1371/journal.pcbi.1002012
http://www.ncbi.nlm.nih.gov/pubmed/21423711
https://doi.org/10.7554/eLife.71627
http://www.ncbi.nlm.nih.gov/pubmed/34796873
https://doi.org/10.1038/s41562-018-0324-5
http://www.ncbi.nlm.nih.gov/pubmed/29736420
https://doi.org/10.1371/journal.pcbi.1007632
https://doi.org/10.1371/journal.pcbi.1007632
http://www.ncbi.nlm.nih.gov/pubmed/32109940
https://doi.org/10.1016/j.jneumeth.2009.05.005
http://www.ncbi.nlm.nih.gov/pubmed/19450621
https://doi.org/10.1152/jn.2000.84.2.853
https://doi.org/10.1152/jn.2000.84.2.853
http://www.ncbi.nlm.nih.gov/pubmed/10938312
https://doi.org/10.1152/jn.00901.2017
http://www.ncbi.nlm.nih.gov/pubmed/29537918
https://doi.org/10.1523/ENEURO.0050-18.2018
http://www.ncbi.nlm.nih.gov/pubmed/30105298
https://doi.org/10.1371/journal.pcbi.1006839
http://www.ncbi.nlm.nih.gov/pubmed/30830902
https://doi.org/10.1152/jn.00032.2014
http://www.ncbi.nlm.nih.gov/pubmed/25355957
https://doi.org/10.1038/s41598-018-27378-1
http://www.ncbi.nlm.nih.gov/pubmed/29904096
https://doi.org/10.1016/j.isci.2021.102821
https://doi.org/10.1016/j.isci.2021.102821
http://www.ncbi.nlm.nih.gov/pubmed/34345810
https://doi.org/10.1371/journal.pone.0055352
http://www.ncbi.nlm.nih.gov/pubmed/23408972
https://doi.org/10.1038/nn.3616
http://www.ncbi.nlm.nih.gov/pubmed/24413700
https://doi.org/10.1371/journal.pone.0269297

PLOS ONE

Reach adaption to a visuomotor gain with terminal error feedback involves reinforcement learning

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Cashaback JGA, McGregor HR, Mohatarem A, Gribble PL. Dissociating error-based and reinforce-
ment-based loss functions during sensorimotor learning. PLoS Comput Biol. 2017; 13: e1005623.
https://doi.org/10.1371/journal.pcbi.1005623 PMID: 28753634

Vaswani PA, Shmuelof L, Haith AM, Delnicki RJ, Huang VS, Mazzoni P, et al. Persistent residual errors
in motor adaptation tasks: reversion to baseline and exploratory escape. J Neurosci. 2015; 35: 6969—
6977. https://doi.org/10.1523/JNEUROSCI.2656-14.2015 PMID: 25926471

Hinder MR, Tresilian JR, Riek S, Carson RG. The contribution of visual feedback to visuomotor adapta-
tion: how much and when? Brain Res. 2008; 1197: 123—134. https://doi.org/10.1016/j.brainres.2007.12.
067 PMID: 18241844

Taylor JA, Krakauer JW, Ivry RB. Explicit and implicit contributions to learning in a sensorimotor adapta-
tion task. J Neurosci. 2014; 34: 3023—-3032. https://doi.org/10.1523/JNEUROSCI.3619-13.2014 PMID:
24553942

Shabbott BA, Sainburg RL. Learning a visuomotor rotation: simultaneous visual and proprioceptive
information is crucial for visuomotor remapping. Exp Brain Res. 2010; 203: 75-87. https://doi.org/10.
1007/s00221-010-2209-3 PMID: 20237773

Barkley V, Salomonczyk D, Cressman EK, Henriques DYP. Reach adaptation and proprioceptive recal-
ibration following terminal visual feedback of the hand. Frontiers in Human Neuroscience. 2014. https://
doi.org/10.3389/fnhum.2014.00705 PMID: 25249969

Krakauer JW, Pine ZM, Ghilardi MF, Ghez C. Learning of visuomotor transformations for vectorial plan-
ning of reaching trajectories. J Neurosci. 2000; 20: 8916—8924. https://doi.org/10.1523/JNEUROSCI.
20-23-08916.2000 PMID: 11102502

Salek Y, Anderson ND, Sergio L. Mild cognitive impairment is associated with impaired visual-motor
planning when visual stimuli and actions are incongruent. Eur Neurol. 2011; 66: 283—293. https://doi.
org/10.1159/000331049 PMID: 22025035

Malfait N, Ostry DJ. Is interlimb transfer of force-field adaptation a cognitive response to the sudden
introduction of load? J Neurosci. 2004; 24: 8084—8089. https://doi.org/10.1523/JNEUROSCI.1742-04.
2004 PMID: 15371509

Joiner WM, Brayanov JB, Smith MA. The training schedule affects the stability, not the magnitude, of
the interlimb transfer of learned dynamics. Journal of Neurophysiology. 2013. pp. 984-998. https://doi.
org/10.1152/jn.01072.2012 PMID: 23719204

Huang VS, Shadmehr R. Persistence of motor memories reflects statistics of the learning event. J Neu-
rophysiol. 2009; 102: 931-940. https://doi.org/10.1152/jn.00237.2009 PMID: 19494195

Kagerer FA, Contreras-Vidal JL, Stelmach GE. Adaptation to gradual as compared with sudden visuo-
motor distortions. Exp Brain Res. 1997; 115: 557-561. https://doi.org/10.1007/pl00005727 PMID:
9262212

Heald JB, Lengyel M, Wolpert DM. Contextual inference underlies the learning of sensorimotor reper-
toires. Nature. 2021; 600: 489-493. https://doi.org/10.1038/s41586-021-04129-3 PMID: 34819674

Thoroughman KA. Rapid Reshaping of Human Motor Generalization. Journal of Neuroscience.
2005. pp. 8948-8953. https://doi.org/10.1523/JNEUROSCI.1771-05.2005 PMID: 16192385

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.
20083; 23: 9032-9045. https://doi.org/10.1523/JNEUROSCI.23-27-09032.2003 PMID: 14534237

Todorov E, Jordan MI. Optimal feedback control as a theory of motor coordination. Nat Neurosci. 2002;
5: 1226-1235. https://doi.org/10.1038/nn963 PMID: 12404008

Todorov E. Optimality principles in sensorimotor control. Nat Neurosci. 2004; 7: 907-915. https://doi.
org/10.1038/nn1309 PMID: 15332089

Scott SH. Optimal feedback control and the neural basis of volitional motor control. Nature Reviews
Neuroscience. 2004. pp. 532-545. https://doi.org/10.1038/nrn 1427 PMID: 15208695

McDougle SD, Ivry RB, Taylor JA. Taking Aim at the Cognitive Side of Learning in Sensorimotor Adap-
tation Tasks. Trends Cogn Sci. 2016; 20: 535-544. https://doi.org/10.1016/j.tics.2016.05.002 PMID:
27261056

PLOS ONE | https://doi.org/10.1371/journal.pone.0269297  June 1, 2022 13/13


https://doi.org/10.1371/journal.pcbi.1005623
http://www.ncbi.nlm.nih.gov/pubmed/28753634
https://doi.org/10.1523/JNEUROSCI.2656-14.2015
http://www.ncbi.nlm.nih.gov/pubmed/25926471
https://doi.org/10.1016/j.brainres.2007.12.067
https://doi.org/10.1016/j.brainres.2007.12.067
http://www.ncbi.nlm.nih.gov/pubmed/18241844
https://doi.org/10.1523/JNEUROSCI.3619-13.2014
http://www.ncbi.nlm.nih.gov/pubmed/24553942
https://doi.org/10.1007/s00221-010-2209-3
https://doi.org/10.1007/s00221-010-2209-3
http://www.ncbi.nlm.nih.gov/pubmed/20237773
https://doi.org/10.3389/fnhum.2014.00705
https://doi.org/10.3389/fnhum.2014.00705
http://www.ncbi.nlm.nih.gov/pubmed/25249969
https://doi.org/10.1523/JNEUROSCI.20-23-08916.2000
https://doi.org/10.1523/JNEUROSCI.20-23-08916.2000
http://www.ncbi.nlm.nih.gov/pubmed/11102502
https://doi.org/10.1159/000331049
https://doi.org/10.1159/000331049
http://www.ncbi.nlm.nih.gov/pubmed/22025035
https://doi.org/10.1523/JNEUROSCI.1742-04.2004
https://doi.org/10.1523/JNEUROSCI.1742-04.2004
http://www.ncbi.nlm.nih.gov/pubmed/15371509
https://doi.org/10.1152/jn.01072.2012
https://doi.org/10.1152/jn.01072.2012
http://www.ncbi.nlm.nih.gov/pubmed/23719204
https://doi.org/10.1152/jn.00237.2009
http://www.ncbi.nlm.nih.gov/pubmed/19494195
https://doi.org/10.1007/pl00005727
http://www.ncbi.nlm.nih.gov/pubmed/9262212
https://doi.org/10.1038/s41586-021-04129-3
http://www.ncbi.nlm.nih.gov/pubmed/34819674
https://doi.org/10.1523/JNEUROSCI.1771-05.2005
http://www.ncbi.nlm.nih.gov/pubmed/16192385
https://doi.org/10.1523/JNEUROSCI.23-27-09032.2003
http://www.ncbi.nlm.nih.gov/pubmed/14534237
https://doi.org/10.1038/nn963
http://www.ncbi.nlm.nih.gov/pubmed/12404008
https://doi.org/10.1038/nn1309
https://doi.org/10.1038/nn1309
http://www.ncbi.nlm.nih.gov/pubmed/15332089
https://doi.org/10.1038/nrn1427
http://www.ncbi.nlm.nih.gov/pubmed/15208695
https://doi.org/10.1016/j.tics.2016.05.002
http://www.ncbi.nlm.nih.gov/pubmed/27261056
https://doi.org/10.1371/journal.pone.0269297

