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This valuable study rigorously examines how motor learning is influenced by the
feedback response to a previous movement error. Using a series of well-conducted
experiments, the authors provide solid evidence that the learning response following a
cursor jump does not depend on the timing of the perturbation and is influenced by the
tonic component of the feedback responses. Further work is needed to determine
whether this generalizes to other perturbation paradigms and to more fully understand
the relationship between learning and the tonic and phasic components of the feedback
response.

https://doi.org/10.7554/eLife.111537.1.sa4

Abstract
When a movement error occurs, the motor system updates its commands to improve performance
on subsequent trials. A prominent feedback error learning hypothesis proposes that the feedback
response that corrects movement within a trial serves as a teaching signal for the learning
response, observed as changes in motor commands on the next trial. However, how the temporal
pattern of the feedback response influences the learning response remains unclear. Here, we
introduce an experimental paradigm that directly compares the temporal patterns of feedback
and learning responses across different patterns of visual error. We show that although the
feedback response closely tracks the temporal pattern of the visual error, this temporal pattern is
not transferred to the learning response. Instead, the amplitude of the feedback response during
the holding period, which reflects the temporal history of the visual error, strongly predicts the
magnitude of the learning response. These findings suggest that information reflected in the tonic
component of feedback responses is closely linked to the scaling of subsequent motor-command
updates.

Introduction
Accurate and consistent movements rely on the motor system’s ability to correct movement errors.
Motor adaptation, the process by which motor commands are updated based on sensory error
information, has been extensively studied using perturbations during arm reaching tasks. In these
paradigms, lateral deviations of the hand or cursor trajectory are typically treated as scalar
measures of both motor commands and movement errors. This framework has enabled systematic
investigation of key properties of motor adaptation, including the time course of adaptation and
deadaptation [1], interference between opposing perturbations [2], generalization across targets
[3–4], context dependency [5], and the presence of multiple timescales of motor memory [6].
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Despite these advances, two fundamental questions remain. First, sensory error information is
represented in sensory space rather than motor command space, and therefore cannot be directly
used to update motor commands [7–9]. Second, treating motor commands as scalar values fails to
capture their temporal dynamics. The feedback error learning hypothesis [9] has been proposed as
a mechanism that addresses these issues. According to this hypothesis, the motor commands that
correct a movement within a trial, referred to as feedback responses (FBRs), serve as teaching
signals for updating motor commands expressed in subsequent trials, referred to as learning
responses (LRs).

Albert and Shadmehr [10] provided behavioral evidence supporting this idea by comparing
muscle activity during feedback responses in force field perturbation trials with learning
responses in subsequent trials. They reported that learning responses resembled feedback
responses temporally advanced by approximately 125 ms, and that larger feedback responses led
to larger learning responses, suggesting that feedback responses may act as teaching signals.
However, other studies have shown that feedback responses follow the temporal characteristics of
the perturbation, whereas such temporal features are not preserved in learning responses [11–12].
Moreover, our recent work [13] demonstrated a dissociation between feedback and learning
responses when multiple or variable visual errors were imposed. Together, these findings
challenge the notion that feedback responses universally serve as direct teaching signals.

Thus, a systematic reinvestigation of the relationship between feedback and learning responses is
essential for understanding how feedback responses contribute to motor learning. To address this
issue, we combined a single trial adaptation paradigm [3,10,13–15] with a force channel method
originally developed to quantify feedback responses to visual errors [16–17]. This approach
enables direct comparison of the temporal profiles and magnitudes of feedback and learning
responses elicited by different visual error patterns, while minimizing changes in movement
kinematics.

The present study aimed to characterize the relationship between feedback responses and
subsequent learning responses, focusing on their temporal profiles and amplitudes. We addressed
three questions. First, how does the learning response depend on the onset timing of the feedback
response? Second, how does the amplitude of the feedback response influence the amplitude of
the learning response? Third, how is the learning response shaped when the temporal pattern of
the feedback response is drastically altered? Together, these questions allowed us to characterize
the temporal and quantitative relationship between feedback responses and subsequent learning
responses across different visual-error patterns.

Results
Experimental paradigm to compare the FBR and LR
A total of 33 healthy participants took part in the study (Experiments 1–3). They were instructed to
move a visual cursor toward a frontal target by moving the handle of a robotic manipulandum
(KINARM). Each participant repeated a cycle consisting of three consecutive force channel trials
(baseline, perturbation, and probe trials) during which the handle trajectory was constrained
along the straight path [18], followed by two ordinary (i.e., without force channel) reaching trials
to washout the possible learning effect (Fig. 1a     ). In the baseline trial (Fig. 1b     ), the lateral force
exerted against the force channel was measured to determine a baseline force when no
perturbation was imposed on the cursor. In the subsequent perturbation trial (Fig. 1c     ), the
cursor position was shifted laterally either to the left or right (i.e., cursor shift perturbation; [16–
17]). The FBR was obtained as the lateral force induced by this cursor shift, subtracted by the
baseline force. In the following probe trial (Fig. 1d     ), the LR elicited by the preceding
perturbation was obtained as the lateral force, again subtracted by the baseline force. During this
probe trial, the cursor was invisible to prevent any online movement correction. For analysis, the
temporal profiles of FBR and LR were collapsed across rightward and leftward cursor shift
perturbations (Fig. 1e     ).
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Figure 1. Procedures of the experimental paradigm.
We employed a cursor shift perturbation paradigm to reinvestigate the relationship between feedback responses (FBRs) and
learning responses (LRs). A, Participants repeatedly performed a block consisting of one baseline trial, one perturbation trial,
one probe trial followed by two null trials. B, Baseline trials. Forces exerted against the force channel were measured to
quantify baseline motor output. C, In perturbation trials, the cursor was shifted laterally by manipulating both location and
magnitude of the shift. This manipulation allowed the imposition of arbitrary temporal patterns of visual error. Hand
trajectories were constrained using the force channel. D, Probe trials were used to measure the LR elicited for the visual error
imposed in the preceding perturbation trial. Temporal patterns of FBRs and LRs were baseline-subtracted using forces
measured during baseline trials. E, Temporal profiles of responses to rightward and leftward cursor shift perturbations were
collapsed (left) to enable direct comparison of the motor commands underlying FBRs and LRs for a given temporal pattern of
visual error.
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This experimental paradigm offers several advantages over conventional methods for
investigating the relationship between visual errors, FBRs, and LRs. First, the cursor shift
perturbation allowed us to impose arbitrary temporal patterns of visual errors by manipulating
the timing and magnitude of the cursor shift (Fig. 1c     ). Second, the temporal profiles of motor
commands associated with both FBR and LR could be directly compared, as they were derived
from forces measured against the force channel and were therefore not confounded by changes in
movement kinematics.

Experiment 1: Effect of visual perturbation onset on the temporal
profiles of FBR and LR
The feedback error learning hypothesis proposes that FBRs serve as teaching signals for LRs.
Consistent with this idea, a previous study reported that LRs are time shifted versions of FBRs,
with a temporal advance of approximately 125 ms [10].

Experiment 1 (10 participants; seven men and three women) examined how the onset timing of
visual perturbations influences the relationship between the temporal profiles of FBRs and LRs. In
the perturbation trial, the cursor was shifted laterally by 3 cm either to the right or left at different
distances from the starting position (Fig. 2a     ; 1, 6, 11, and 16 cm). In addition, one condition
involved no cursor shift, resulting in a total of nine perturbation conditions (two shift directions ×
four shift locations + one no shift condition).

Figure 2b      shows the FBRs, obtained by subtracting the lateral forces measured during the
baseline trial from those measured during the perturbation trial. Although participants were
instructed not to use any explicit strategy, the cursor shift elicited implicit FBRs in the direction
opposite to the cursor shift, consistent with compensatory corrections. The latency of FBRs was
estimated using a receiver operator characteristic analysis [19–20]. This analysis revealed that
feedback responses emerged 155.9 ± 13.9 ms after the cursor shift onset, with no significant
differences across shift locations (Fig. 2c     ; F(3,27) = 1.688, p = 0.193, one-way repeated-measures
ANOVA). This latency is consistent with previous reports of rapid visually driven feedback
responses [17,21–23].

If LRs were fixed time shifted copies of FBRs [10], the onset of LRs should vary systematically with
the onset of FBRs, and their temporal profiles should closely match. However, the lateral forces
measured during the probe trial revealed a different pattern. Figure 2d      illustrates the LRs,
computed as the difference in lateral force between the probe and baseline trials, showing that
LRs consistently emerged just before movement onset, regardless of the cursor shift location.

To quantify the temporal relationship between FBRs and LRs, we computed the cross-correlation
between the two responses (Fig. 2e     ). One-way repeated-measures ANOVA revealed that the
temporal shift corresponding to the maximum cross-correlation varied significantly with the
perturbation onset location (Fig. 2f     ; F(1.682, 15.135) = 11.341, p = 0.001, Greenhouse Geisser
correction). In contrast, Fisher transformed cross-correlation coefficients were significantly
greater than zero for all perturbation conditions at the lag that maximized the correlation (Fig.
2g     ; 1 cm: t(9) = 9.182, p < 0.001; 6 cm: t(9) = 8.956, p < 0.001; 11 cm: t(9) = 11.747, p < 0.001; 16 cm:
t(9) = 8.380, p < 0.001), indicating similar temporal profiles across responses. Together, these
results indicate that although FBRs and LRs share similar temporal profiles, the relative timing
between them is not fixed. Instead, LRs consistently emerge just before movement onset,
independent of the onset timing of the FBRs.

Experiment 2: Effect of the size of visual error on the quantitative
relationship between FBR and LR
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Figure 2. Relationship between feedback and learning responses in Experiment 1.
a, In the perturbation trial, the cursor shift location was manipulated from 1 cm to 16 cm from the starting position, while the
cursor shift magnitude was fixed at 3 cm. b, Temporal profiles of the feedback responses (FBRs) in Experiment 1, aligned to
movement onset. c, FBRs emerged with a latency of approximately 160 ms relative to movement onset. Latencies were
estimated using receiver operating characteristic (ROC) analysis. d, Temporal profiles of learning responses (LRs) in
Experiment 1. e-g, Cross-correlation analysis was used to evaluate temporal similarity and relative timing between FBRs and
LRs (e). The temporal shift between the FBRs and LRs was defined as the time lag that maximized the individual cross-
correlation (f), and temporal similarity was quantified as the cross-correlation coefficient at this optimal time lag (g). Shaded
areas represent the standard error of the mean across participants. Asterisks indicate statistically significant effects (* p <
0.05, ** p < 0.01, *** p < 0.001).
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In Experiment 1, the magnitude of the cursor shift was fixed at 3 cm while its onset location was
varied. Experiment 2 (12 participants; six men and six women) examined how the magnitude of
the cursor shift, while keeping its location constant, influenced FBRs and LRs. In the perturbation
trials, the cursor was shifted laterally by 0.4, 0.8, 1.2, 1.6, 2.0, or 3.0 cm, all applied at a location 1
cm from the starting position (Fig. 3a     ).

Figure 3b      illustrates the temporal patterns of FBRs across different cursor shift magnitudes. As
observed in Figure 2     , the FBRs consisted of an early phasic component followed by a later tonic
component. Franklin et al. [23] reported that the magnitude of the FBR immediately after cursor
shift onset is linearly modulated by the magnitude of the cursor shift. Consistent with this finding,
the amplitude of the early phasic component increased systematically with increasing cursor shift
magnitude. In contrast, the amplitude of the later tonic component, observed near movement
offset, appeared to saturate when the cursor shift magnitude exceeded 0.8 cm. Figure 3c     
illustrates the temporal patterns of LRs across different cursor shift magnitudes. In contrast to
FBRs, the waveforms of LRs remained largely similar across conditions, while their amplitudes
showed only modest modulation with cursor shift magnitude.

To further characterize how the temporal patterns of FBRs and LRs vary with error magnitude, we
performed cross-correlation analyses for each cursor shift magnitude (Fig. 3d     ). This analysis
revealed that the overall shape of the cross-correlation function changed systematically with error
magnitude. To quantify these differences, we evaluated cross-correlation coefficients at two
specific time lags between the FBRs and LRs: a fixed lag corresponding to the maximum cross-
correlation observed in the 1 cm condition of Experiment 1 (Fig. 3e     ; -238 ms), and a longer lag of
-500 ms (Fig. 3f     ). A two-way repeated-measures ANOVA revealed a significant interaction
between time lag and error magnitude (F(5,55) = 3.061, p = 0.017). We then performed simple main
effects analyses at each time lag. These analyses showed that the main effect of error magnitude
was significant at the longer lag (Fig. 3f     ; -500 ms: F(5,55) = 2.734, p = 0.028), but not at the shorter
lag (Fig. 3e     ; -238 ms: F(5,55) = 0.891, p = 0.494). This selective modulation of temporal similarity
at longer lags indicates that the temporal profile of the FBR changes with increasing error
magnitude, potentially reflecting the recruitment of distinct feedback-related components. In
contrast, the temporal patterns of LRs remained relatively invariant across error magnitudes.

To quantitatively evaluate how response components vary with error magnitude, we decomposed
the waveforms of the FBRs and LRs, [R(t)], into phasic and tonic components using the following
equation (Figs. 4a     , c     ):

(1)

where α, β, σ and T are constants. Note that α and β represent the amplitudes of early phasic
and late tonic components, respectively. This formulation was inspired by previous studies
suggesting that motor commands during reaching consist of two components: a movement
related signal and a holding related signal, with the latter generated by integrating the
former over the course of the movement [24–25].

We first fitted the FBRs, aligned to the onset of the cursor shift and averaged across participants,
using Eq. 1     . The fitted model accurately reproduced the experimentally observed temporal
patterns of the FBR (Fig. 4b     , σ = 0.9627, σ = 59, T =289). Assuming that the temporal parameters
of the model (σ and T) were approximately consistent across participants, we then refitted the
feedback responses for each individual while estimating only the amplitudes of the phasic and
tonic components. Notably, allowing the temporal parameters to vary freely did not substantially
affect the results reported below (Supplementary Figure. 1     ).

We applied the same analysis to the LRs aligned to movement onset, which yielded similarly good
fits (Fig. 4d     ; R2 = 0.961, σ = 126, T = 118). Figures 4e      and 4f      show how the amplitudes of the
phasic and tonic components of both responses varied with error magnitude. Consistent with the
temporal patterns shown in Figs. 3b      and 3c     , the phasic component of the FBR increased
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Figure 3. Temporal patterns of feedback and learning responses across different cursor shift magnitudes in
Experiment 2.

a, In perturbation trials, the shift magnitude was varied from 0.4 cm to 3 cm. b, Temporal patterns of the feedback responses
(FBRs) in Experiment 2. c, Temporal profiles of learning responses (LRs) in Experiment 2. d, Cross-correlation analysis
between FBRs and LRs used to evaluate their temporal similarity. The plot shows the cross-correlation coefficient as a
function of time lag. e, Cross-correlation coefficient at the time lag that maximized the average cross-correlation function in
Experiment 1 (−238 ms). f, Cross-correlation coefficient at a fixed time lag of -500 ms. A significant modulation of correlation
coefficients was observed across error magnitudes. Shaded areas represent the standard error of the mean across
participants.
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Figure 4. Decomposition of feedback and learning response temporal profiles.
a, Temporal profiles of feedback responses (FBRs) were decomposed into two components: an early phasic component and a
late tonic component. b, Decomposition model reproduced the temporal profiles of FBRs in Experiment 2. c-d, The same
decomposition procedure was applied to the temporal profiles of the learning responses (LRs). e, Modulation of the
amplitudes of the phasic and tonic components of the FBR as a function of error magnitude. f, Modulation of the amplitudes
of the phasic and tonic components of the LR as a function of error magnitude. Error bars represent the standard error of the
mean across the participants. g-h, Linear regression analyses examining the quantitative relationship between FBRs and LRs
using the model y = ax, where x represents the amplitude of the phasic (g) and tonic components (h) of the FBR, and y
represents the amplitude of the corresponding phasic (left) and tonic components (right) of the LR. Error bars represent the
standard error of the mean across the participants.
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approximately linearly with error magnitude up to 1.8 cm. In contrast, the tonic component of the
FBR and both the phasic and tonic components of the LR saturated at approximately 0.8 cm (Figs.
4e     , f     ).

Based on the near linear scaling of the phasic FBR component and the early saturation of the other
components, we hypothesized that LR amplitudes would be more closely associated with the tonic
component of the FBR than with the phasic component. To test this hypothesis, we performed
linear regression analyses using the model y = ax, where x represents the amplitude of each FBR
component and y represents the corresponding component of the LR. As shown in Figure 4g     , the
phasic FBR component exhibited only moderate predictive power (R² = 0.635 for the phasic LR
component and R² = 0.698 for the tonic LR component). In contrast, when the tonic FBR component
was used as the predictor (Fig. 4h     ), both relationships were markedly stronger (R² = 0.880 for
the phasic LR and R² = 0.970 for the tonic LR), indicating a higher degree of linearity. Together,
these results indicate that the tonic component of the FBR provides the strongest predictor of LR
modulation across different error magnitudes.

Experiment 3: Effect of biphasic temporal patterns of visual error
on the FBR and LR
Although the phasic and tonic components of FBRs and LRs were differently modulated by error
magnitude in Experiment 2, the overall temporal profiles of both responses remained largely
similar across Experiments 1 and 2, regardless of cursor shift position or error magnitude. This
similarity may reflect the use of stepwise cursor shift perturbations in both experiments, which
limited the range of temporal patterns of visual error and may have constrained dissociation
between the two responses.

To more directly test whether the temporal patterns of the FBR and LR could be dissociated, we
introduced more complex temporal patterns of visual error in Experiment 3 (11 participants: six
men and five women). Specifically, three different temporal patterns of cursor shift perturbation
were employed (Fig. 5a     ). In all perturbation conditions, the cursor was first shifted laterally by
±3 cm at the 1 cm location. Following this first shift, the cursor position was either maintained
(maintained condition), returned to its original position (removed condition), or shifted to the
opposite side (reversed condition) (Fig. 5a     ). The second cursor shift, when present, occurred at
one of three locations (6, 11, and 16 cm).

The temporal pattern of the LRs differs from that of the FBRs
Figures 5b–d      illustrate the temporal profiles of the FBRs to cursor shift perturbations in
Experiment 3. FBRs were sensitive not only to the initial cursor shift but also to the second shift.
For example, when the second cursor shift occurred late in the movement at 16 cm, the feedback
responses during the movement period were nearly identical across conditions, with differences
emerging primarily during the holding period (Fig. 5b     ). As the second shift was applied earlier
in the movement, these differences became increasingly pronounced. Notably, when the second
shift occurred at 6 cm (Fig. 5d     ), the FBR returned to baseline in the removed condition and
became negative in the reversed condition.

In contrast to the FBRs, the LRs did not follow the temporal patterns of the cursor shift
perturbations (Figs. 5e–g     ) and therefore did not resemble the FBRs. For example, when the
second cursor shift occurred at 6 cm in the reversed condition, the biphasic pattern observed in
the FBR (Fig. 5d     ) differed markedly from the temporal profile of the LR (Fig. 5g     ). To quantify
this dissociation, we computed cross-correlation functions between the FBR and LR (Fig. 5h     ) and
assessed similarity using the cross-correlation coefficient at a fixed time lag (Fig. 5i     ). This lag
corresponded to the time yielding maximum cross-correlation in the 1 cm condition of Experiment
1 and was used as a reference, as in Experiment 2.

As in Experiment 1, the cross-correlation coefficient in the maintained condition was
approximately 0.7, indicating moderate similarity between FBRs and LRs. However, this similarity
was significantly modulated by both the temporal structure of the second shift and its location
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Figure 5. Relationship between the temporal patterns of feedback and learning responses in Experiment 3.
a, In perturbation trials, the cursor was shifted laterally twice during a single movement. Three temporal patterns of visual
error were tested, and the location of the second shift was varied from 6 cm to 16 cm from the starting position. b-d,
Temporal profiles of the feedback responses (FBRs) when the second shift occurred at 16 cm (b), 11 cm (c), and 6 cm (d). e-g,
Temporal patterns of the learning responses (LRs) when the second shift occurred at 16 cm (e), 11 cm (f), and 6 cm (g). h,
Cross-coefficient function showing the relationship between the cross-correlation coefficient and time lag between FBRs and
LRs when the second shift occurred at 16 cm (left), 11 cm (middle), and 6 cm (right). i, Cross-correlation coefficient evaluated
at the time lag that maximized the cross-correlation function in Experiment 1 (−238 ms). Shaded areas represent the
standard error of the mean across participants. Asterisks indicate statistically significant effects (* p < 0.05, ** p < 0.01, *** p
< 0.001).
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(Fig. 5i     ). Focusing on conditions where the second shift occurred at 16 cm, a one-way repeated-
measures ANOVA revealed a significant main effect of perturbation condition on the cross-
correlation coefficient (F(2,20) = 3.633, p = 0.045). Post hoc testing indicated that similarity was
significantly lower in the reversed condition than in the maintained condition (t(10) = 2.695, p =
0.042, Holm-corrected). These results indicate that even when the second shift occurred late in the
movement, altering the temporal structure of the visual error reduced the similarity between FBR
and LR.

Focusing further on the removed and reversed conditions, a two-way repeated-measures ANOVA
revealed a significant interaction between error pattern and second shift location (F(2,20) = 4.569,
p = 0.023). Post hoc tests showed significant main effects of both error pattern (t(10) = 4.122, p =
0.002, Holm-corrected) and shift location (11 cm vs. 16 cm: t(10) = 2.784, p = 0.023; 6 cm vs. 16 cm:
t(10) = 3.493, p = 0.007, Holm-corrected). Together, these results provide strong evidence that the
temporal pattern of the LR does not consistently resemble that of the FBR.

The tonic component of the FBR predicts LR modulation induced
by the second shift
Focusing on conditions in which the second cursor shift was imposed at 16 cm, the FBRs were
nearly identical during the movement period and diverged only slightly during the holding period
(Fig. 5b     ). Despite this subtle difference, the amplitude of the LR in the subsequent trial differed
markedly across conditions (Fig. 5e     ), consistent with the results of Experiment 2 and suggesting
a close relationship between the tonic component of the FBR and LR amplitude. To quantify the
coupling between FBRs and LRs attributable specifically to the second shift, we isolated its
contribution by subtracting the FBRs and LRs in the maintained condition (no second shift) from
those in the removed and reversed conditions (Figs. 6a–b     , inset). We then fitted the
decomposition model to these differential waveforms of the FBR and LR to test our hypothesis.

The decomposition model successfully reproduced the differential force profiles of both FBRs (Fig.
6a     ; R2 = 0.913, σ = 47, T = 263) and LRs (Fig. 6b     ; R2 = 0.815, σ = 131, T = 97). We next examined
how the second cursor shift affected the phasic and tonic components of FBRs and LRs. Following
the approach used in Experiment 2, we performed linear regression by using the model y = ax,
where x represents the amplitude of each FBR component and y represents the amplitude of each
component in the LR. As shown in Figure 6c     , when FBR amplitudes were used to predict LR
amplitudes across second shift locations (6, 11, 16 cm), the phasic component exhibited poor
prediction power (left panel, R2 = −0.208), as did the tonic component (right panel, R2 = −0.040). In
contrast, when LRs were regressed against the tonic FBR amplitude (Fig. 6d     ), both the phasic
(left panel, R2 = 0.978) and tonic (right panel, R2 = 0.971) components of the LR showed strong
linear relationships. These findings indicate that the phasic FBR component does not reliably
account for the LR. In contrast, the tonic FBR component reflected the combined effects of the first
and second cursor shifts, and its summed magnitude closely predicted the amplitude of the
subsequent LR.

The tonic component of the FBR predicts across-subject variability
in the amplitude of the LR
In Experiments 1–3, we characterized the relationship between FBRs and LRs across different
temporal patterns and magnitudes of visual error. However, LRs could, in principle, be generated
directly from visual error without relying on FBRs. Indeed, previous studies have shown that
measurable LRs can occur even when only endpoint error is provided, in the absence of within-
trial FBRs [13,15, 26–27]. To examine whether individual differences in LR amplitude were more
closely related to the tonic component of the FBR than to the nominal visual error, we compared
FBRs and LRs under an identical temporal pattern of visual error. All participants in Experiments
1–3 (N = 33) experienced a cursor shift perturbation in which the cursor was laterally shifted 3 cm
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Figure 6. Temporal relationship between feedback and learning responses in Experiment 3.
a-b, To isolate the effect of the second cursor shift on feedback (FBRs) and learning responses (LRs), differential force profiles
were computed by subtracting the responses in the maintained condition from those in the removed and reversed conditions
(insets). The decomposition model successfully reproduced the differential force profiles of the feedback response (a) and
learning response (b) for the second shift when it occurred at 16 cm (left), 11 cm (middle), and 6 cm (right). Solid lines
indicate model predictions, and dashed lines indicate experimental data. c, Linear regression analysis examining the
quantitative relationship between the phasic component of the FBR and the amplitudes of the phasic (left) and tonic (right)
components of the LR for the second cursor shift, following the same procedure as in Experiment 2. d, Linear regression
analysis examining the relationship between the tonic component of the FBR and the amplitudes of the phasic (left) and tonic
(right) components of the LR for the second cursor shift. Error bars represent the standard error of the mean across
participants.
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at the 1 cm location from the starting position (Fig. 7a     ). We therefore performed an additional
analysis using this common temporal visual error pattern to examine whether across-subject
variability in LR amplitude was predicted by the tonic component of the FBR.

Figures 7b      and 7c      show the temporal profiles of the FBR (Fig. 7b     ) and LR (Fig. 7c     ) elicited
by visual errors of the identical magnitude. Participants who exhibited larger FBRs during the
holding period tended to produce larger LRs. To quantify these individual differences, we
estimated the amplitudes of the FBRs and LRs by fitting their temporal profiles to the
decomposition model (FBR: R2 = 0.9923, σ= 62, T = 300; LR: R2 = 0.9697, σ = 138, T = 136) and
compared the extracted component amplitudes across participants. To directly assess whether
individual differences in LR generation can be predicted from FBRs, we examined correlations
between the amplitudes of the phasic and tonic components of the two responses (Figs. 7d-g     ).
No significant correlation was observed between the phasic component of the FBR and either the
phasic component of the LR (Fig. 7d     ; phasic, r = 0.224, p = 0.210) or tonic component of the LR
(Fig. 7e     ; r = 0.052, p = 0.774). Similarly, the tonic component of the FBR did not correlate with the
phasic component of the LR (Fig. 7f     ; r = -0.274, p = 0.123). In contrast, a strong and significant
positive correlation was observed between the tonic components of the FBRs and LRs (Fig. 7g     ; r
= 0.816, p < 0.001). Together, these results indicate that, at the level of individual differences, the
tonic component of the FBR selectively predicts the amplitude of the tonic component of the LR.

The tonic component of the FBR predicts trial-by-trial variability in
LR amplitudes
We next examined trial-by-trial variability in LR amplitudes. Even when the same visual error was
applied, some trials elicited larger LRs whereas others elicited smaller ones. We tested whether
this variability could be predicted from the amplitude of the tonic component of the FBR using the
data of the same condition in Experiments 1–3 (±3 cm cursor shift at the 1 cm location; N = 33). For
each participant, trials were randomly divided into two datasets. These datasets were classified as
High-FBR or Low-FBR based on the amplitude of the tonic component extracted from the averaged
FBR. During this procedure, we ensured that the baseline trial force profiles were comparable
between the two datasets, because differences in baseline force profiles can strongly influence the
classification (see Methods). This random partitioning and selection procedure was repeated 100
times for each participant, and the resulting High-FBR and Low-FBR waveforms, as well as their
corresponding LR waveforms, were obtained by averaging 100 waveforms. The decomposition
model (Eq. 1     ) was then applied to the averaged waveforms to calculate the amplitudes of the
phasic and tonic components of FBRs and LRs.

Figure 8a      shows the force waveforms corresponding to the Low- and High-tonic FBR
components, averaged across all participants in Experiments 1–3 (N = 33). Clear differences were
observed during the late period between the two datasets, confirming successful partitioning.
Figure 8b      summarizes the difference in the amplitudes of the phasic and tonic components of
the FBR between High- and Low-FBR datasets for all 33 participants. A one sample t-test confirmed
that this classification produced a significant difference only in the tonic component (Fig. 8b     ;
t(32) = 8.737, p < 0.001), with no significant difference in the phasic component (Fig. 8b     ; t(32) =
1.192, p = 0.242). The corresponding temporal profiles of the LR are shown in Figure 8c     . A
significant difference was observed in the amplitude of the tonic LR component between the two
datasets (Fig. 8d     ; t(32) = 3.785, p < 0.001), corresponding to an average 16.76% reduction in tonic
LR amplitude in the High-tonic FBR dataset relative to the Low-tonic FBR dataset. In contrast, no
significant difference was observed in the phasic component of LR (Fig. 8d     ; t(32) = 0.278, p =
0.783). Importantly, these differences cannot be attributed to differences in baseline force
waveforms, as the force waveforms of the baseline trials were comparable between the two
datasets (Figs. 8a     , c     ).

We next repeated this analysis by classifying trials based on the amplitude of the phasic
component of the FBR (Fig. 8e     ). As expected, this classification yielded significant differences
only in the phasic component of the FBR (Fig. 8f     ; t(32) = 14.29, p < 0.001), with no differences in
the tonic component (Fig. 8f     ; t(32) = -0.349, p = 0.730). However, classification based on the
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Figure 7. The tonic component of the feedback response predicts between-subject variability in learning
response amplitude.

a, Across Experiments 1–3, all participants experienced an identical temporal pattern of visual error, in which the cursor was
shifted laterally by 3 cm at a location 1 cm from the starting position. b-c, Temporal profiles of the feedback response (FBR)
(b) and learning response (LR) (c) elicited by this perturbation. Each trace represents an individual participant and the thick
black trace represents the average across participants. Participants are ordered according to the amplitude of the tonic
component of the FBR, with colors closer to magenta indicating larger tonic feedback responses. d-g, Relationships between
the amplitudes of the phasic and tonic components of the FBRs and LRs across participants.
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Figure 8. The tonic component of the feedback response predicts trial-by-trial variability in learning
response amplitude.
Trial triplets obtained under an identical cursor shift perturbation (see Fig. 7a     ) were split into two datasets based on the
amplitude of either phasic (a-d) and tonic (e-h) components of the feedback response (FBR). a, Temporal profiles of the FBR
for datasets split according to the tonic FBR component and averaged across participants. b, Difference in the amplitudes of
the phasic and tonic components of the FBR between the High and Low tonic FBR datasets. c-d, Temporal profiles (c) and
difference in the amplitudes of the phasic and tonic components (d) of the learning response (LR) for datasets split based on
the tonic FBR component. e, Temporal profiles of the FBR for the datasets split according to the phasic FBR magnitude. f,
Amplitudes of the phasic and tonic FBR components for the High- and Low phasic FBR datasets. g–h, Temporal profiles (g)
and component amplitudes (h) of the LR for datasets split according to the phasic FBR amplitude.
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phasic FBR component produced little change in the temporal profile of the LR (Fig. 8g     ). No
significant difference was found in the amplitude of the tonic LR component between the two
datasets (Fig. 8d     ; t(32) = -0.60, p = 0.55, one-sample t-test). Although classification based on the
phasic FBR component yielded a small but statistically significant difference in overall LR
amplitude (t(32) = 2.54, p = 0.016), this effect was modest (6.15% change) and substantially smaller
than effect of the tonic-FBR–based classification on the tonic LR component (16.76%). Together,
these results indicate that the tonic component of the FBR provides a stronger predictor of trial-by-
trial variability in LR amplitude than does the phasic component.

Discussion
Accurate movement relies on the motor system’s ability to update motor commands across trials
based on sensory feedback about movement errors. A central unresolved question is how the
motor system utilizes the temporal structure of sensory error information to generate the LR.
According to the widely discussed feedback-error learning hypothesis [9], the FBRs produced
within a trial serve as teaching signals for generating LRs. Although this hypothesis has received
substantial support, it remains debated whether LRs are primarily constructed from FBRs or
instead directly from visual error information, and how these different sources contribute to
distinct features of the LR, such as its amplitude and temporal pattern.

To address these issues, we employed an experimental paradigm originally developed to
investigate FBRs [16]. This approach was well suited for our purpose, as it allowed direct
comparison of FBRs and LRs across a wide range of visual error patterns by measuring the lateral
forces generated against a clamp channel. Our experimental results demonstrate that the motor
system does not transfer the temporal profile of the FBR to the LR. Instead, it adjusts the amplitude
of the LR, whose temporal pattern remains relatively invariant, according to the amplitude of the
FBR, particularly the component that persists through the holding phase (i.e., tonic component).
These findings identify the tonic component of the FBR as a robust predictor of LR amplitude and
motivate the hypothesis that sustained feedback-related signals contribute to subsequent motor-
command updates. We return to this hypothesis below and discuss whether this relationship can
be interpreted as causal in the sense proposed by the feedback error learning hypothesis.

The LR is not a fixed time-shifted version of the FBR
A fundamental problem in motor control is how the motor system updates motor commands in
response to movement errors. This updating process is nontrivial because the error information is
represented in the sensory space and must be transformed into motor commands. The feedback
error learning hypothesis offers an elegant solution to this problem by proposing that the FBR to a
movement error—namely, the motor commands used to correct the error within a trial—serves as
a teaching signal for generating the LR, expressed as updated motor commands in the subsequent
trial.

A direct prediction of this hypothesis is that the LR should resemble a time-shifted version of the
FBR. Supporting this view, Albert and Shadmehr [10] reported that, under a velocity-dependent
force-field perturbation, the LR closely matched a fixed time-shifted copy of the FBR. They
suggested that the magnitude of this time shift, approximately 125 ms, reflects the sensorimotor
delay required for the motor system to generate the FBR in response to movement errors.
However, because their study examined only a single type of force-field perturbation, it remains
unclear whether the motor system truly shifts the temporal profile of the FBR forward in time
based on sensory processing delays.

Addressing this question requires systematic manipulation of error timing. Fine and
Thoroughman [11] pursued this approach by applying brief force pulses at different positions
along the reaching trajectory. They found that FBRs emerged with a short latency after
perturbation onset, whereas LRs in the subsequent trial consistently appeared near movement
onset, largely independent of perturbation timing. However, the range of onset timings tested in
that study was relatively narrow (approximately 200 ms), and both FBRs and LRs were inferred
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from movement trajectories, which may not sensitively reflect changes in underlying motor
commands. These methodological constraints may have obscured differences in responses to force
pulses applied at different times.

In the present study, we combined cursor-shift perturbations with an error-clamp method,
allowing visual errors to be imposed precisely while minimizing changes in movement kinematics
and avoiding secondary errors induced by FBRs or LRs themselves. This approach enabled direct
comparison of the temporal profiles of the visual errors, FBRs, and LRs (Fig. 1     ). By
systematically manipulating the onset of the cursor shift (Experiment 1), we found that the
temporal relationship between FBRs and LRs was not fixed (Fig. 2f     ). Even when visual error
onset varied widely—from shortly after movement onset to just before movement offset—the LR
consistently emerged before the movement onset. Consistent with the findings of Fine and
Thoroughman [11], these results demonstrate that the LR does not preserve temporal information
about when the error occurred and therefore cannot be considered a fixed time-shifted copy of the
FBR.

Notably, this lack of temporal specificity in the learning response contrasts with classical forms of
cerebellar associative learning, such as delay eyeblink conditioning, in which the cerebellum
acquires precise timing relationships between conditioned and unconditioned stimuli [28].
Moreover, recent work in mice has demonstrated temporally specific adaptation and aftereffects
depending on the position of mossy fiber stimulation during reaching movements [29], where
stimulation acts as an unconditioned signal. The temporal specificity observed in these paradigms
differs markedly from the present findings in human visuomotor adaptation. Further studies will
be required to clarify which cerebellar mechanisms distinguish temporally precise associative
learning from the form of adaptation examined here.

Nonlinear modulation of LR amplitude with error size parallels
that of the tonic component of the FBR
Experiment 2 examined the quantitative relationship between error magnitude and both FBRs
and LRs by systematically manipulating the magnitude of visual errors. Previous studies have
shown that the LR amplitude increases approximately linearly for small errors but saturates for
larger errors [30–33]. Several studies have also reported differential modulation of FBR and LR by
error magnitude [11, 13, 34]. However, in most of these studies, the visual error experienced by
participants could change during the movement as a consequence of the FBR itself, complicating
precise characterization of the temporal evolution of the FBR.

The cursor-shift perturbation paradigm, which imposes a constant visual error throughout the
movement [16], is therefore particularly well suited for examining how error magnitude
modulates FBRs and LRs. Using this approach in Experiment 2, we found that FBRs were more
sensitive to changes in error magnitude than LRs (Figs. 3b–c     ). Notably, consistent with findings
using brief (approximately 250 ms) cursor-shift perturbations [23], this heightened sensitivity was
confined to the early component of the FBR and was largely absent in the late component.

Motivated by previous work suggesting that motor commands can be decomposed into phasic and
tonic components [25] or into velocity- and position-dependent components [24], we decomposed
both FBRs and LRs into two analogous components and examined how each scaled with error
magnitude (Figs. 4a–d     ). The phasic component of the FBR increased approximately linearly with
error magnitude up to 2.0 cm (Fig. 4e     ), whereas the other three components—the tonic FBR and
both components of the LR—exhibited similar nonlinear modulation, saturating even at small
error magnitudes (Figs. 4e–h     ). Because our paradigm enabled full temporal profiling of both
FBRs and LRs, we were able to identify these component specific scaling relationships directly.

Although numerous computational models have been proposed to account for the nonlinear
modulation of LR amplitude with error magnitude [13, 30–33], our findings show that such
nonlinearities already emerge during the later phase of the FBR. The close correspondence
between the tonic FBR and LR is consistent with the possibility that these responses rely on
partially overlapping computations [34, 35–36].
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LRs differ from FBRs in temporal pattern and vary primarily in
amplitude
The temporal profiles of FBRs and LRs in Experiments 1 and 2 showed partial similarity, consistent
with the findings of Albert and Shadmehr [10]. However, this similarity may reflect the use of
simple step-like cursor shift perturbations, which impose limited temporal structure on the visual
error. In contrast, Wei et al. [12] examined a broader range of force perturbations and evaluated
FBRs and LRs using movement kinematics. They reported that FBRs exhibited temporally specific
corrections that closely followed the time course of the applied force, whereas LRs displayed
relatively nonspecific temporal profiles. However, because their analyses relied on movement
trajectories, it was not possible to isolate the temporal evolution of the underlying motor
commands or the sensory error from the corrective forces generated during movement.

As described above, our experimental paradigm avoids these confounds by imposing temporally
precise visual errors while constraining movement kinematics, thereby enabling direct
comparison of the motor commands underlying FBRs and LRs. When visual perturbations
containing double cursor shifts were introduced in Experiment 3 (Fig. 5a     ), FBRs closely track
the temporal structure of the imposed error. In contrast, LRs neither reflected the temporal
pattern of the visual error nor resembled the temporal profile of the FBR (Figs. 5b–d     ). Instead,
the motor system generated a temporally nonspecific LR that emerged immediately before
movement onset (Figs. 5e–g     ). These results provide strong evidence that LRs do not inherit the
temporal structure of FBRs, but instead differ primarily in amplitude. This finding extends and
strengthens the conclusions of Wei et al. [12] by demonstrating this dissociation at the level of
motor commands rather than inferred kinematics.

The tonic component of the FBR as a candidate teaching-related
signal for LR amplitude
The results of Experiment 2 revealed a close quantitative relationship between the tonic
component of the FBR and the amplitude of the LR. This relationship was supported by three
complementary analyses. First, inter-individual differences in LR magnitude were significantly
correlated only with the amplitude of the tonic component of the FBR (Fig. 7     ), consistent with
the previous findings of Albert and Shadmehr [10], who examined EMG activity associated with
FBRs and LRs. Second, trial-by-trial variability in LR amplitude was explained by the tonic
component of the FBR, but not by the phasic component (Fig. 8     ). Third, in Experiment 3, the
amplitude of the LR induced by the second cursor shift was also predicted by the amplitude of the
tonic component of the FBR evoked by the second cursor shift (Fig. 6     ).

An important issue is whether the close quantitative relationship between the tonic FBR and the
LR can be interpreted as evidence for a causal influence of the FBR on the LR. This relationship
alone does not necessarily establish that the FBR contributes directly to generating the LR, as
proposed in the feedback error learning hypothesis. One alternative interpretation is that visual
error information, combined with proprioceptive information, is used to estimate the hand
deviation induced by the cursor perturbation, and that this estimated deviation contributes to
both the FBR [37] and the LR [26, 38–39]. Under this interpretation, the relationship between the
FBR and LR would reflect a shared state estimate rather than a causal influence of the FBR on the
LR.

However, our trial-by-trial analysis revealed a relationship that cannot be fully explained by the
nominal visual error alone. As shown in Figure 8     , even when the imposed visual error was
identical across trials, variability in the magnitude of the tonic FBR component was associated
with variability in the subsequent LR. Moreover, this relationship was selective for the tonic
component, whereas variability in the phasic FBR component had only a modest effect on the LR.
Together, these findings support the interpretation that the tonic FBR is not merely a passive
correlate of the imposed visual error, but may participate in the process that scales the subsequent
LR.
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Origin of the tonic FBR component
Recent work suggests that the tonic component sustained until movement offset reflects an
integrated motor command accumulated over the course of the movement [25]. Albert and
colleagues [25] demonstrated an integrative linkage between moving and holding commands,
showing that the time integral of movement-related force persists into the holding period and
contributes to postural control. Similar integration mechanisms have been identified across
multiple neural systems. In the oculomotor system, sustained neural activity following saccade
termination has been attributed to a neural integrator that accumulates transient movement-
related signals to maintain gaze [40–41]. In spatial navigation, neurons in the medial entorhinal
cortex integrate velocity and directional inputs over time to estimate position [42–43]. Across
systems, such integrative mechanisms transform temporally distributed signals, such as velocity,
into representations of the current state [40]. In this framework, the feedback controller may
integrate the feedback response itself, which reflects the temporal pattern of sensory error, to
infer the state of the environment. Under this framework, the resulting tonic FBR may constitute a
candidate teaching-related signal, in the sense proposed by the feedback error learning
hypothesis, that is closely linked to the scaling of the LR on the subsequent trial.

Perspectives for future studies
Despite the present findings, important aspects of how LRs are generated remain unresolved.
First, the temporal structure of the visual error used in this study was relatively simple, consisting
of linear combinations of stepwise cursor shifts. It remains to be determined whether the
relationship between the tonic component of the FBR and the amplitude of the LR generalizes to
more complex structures—such as nonlinear, nonstationary, or stochastic perturbations.
Establishing the reproducibility of this mechanism across a broader class of error dynamics will
be essential for evaluating its generality.

Second, the temporally nonspecific nature of the LR observed in the present study does not fully
account for previous findings showing that the motor system can acquire complex, time-varying
motor commands, such as those required to adapt to S-shaped force perturbations [25, 44]. How
trial-by-trial updating of motor commands gives rise to such structured LRs under more dynamic
conditions remains an important open question.

Finally, the present study does not address learning mechanisms that operate in the absence of
online FBRs. It is well established that endpoint (terminal) visual feedback can induce LRs without
engaging FBRs during the movement [13, 26–27], and that motor imagery can also drive learning
in response to visual error [45]. Although endpoint error is generally considered a task error
rather than a sensory prediction error and therefore engage reinforcement-like mechanisms
distinct from error-based adaptation [46–47], an important challenge for future work will be to
clarify how LRs are generated from these fundamentally different sources of error.

Summary
In summary, we characterized the relationship between feedback responses and learning
responses using an experimental paradigm that enabled direct comparison of their temporal
profiles across multiple patterns of visual error. Our results show that the motor system does not
transfer the temporal structure of the feedback response to the learning response. Instead, the
amplitude of the tonic component of the feedback response—which reflects the temporal history
of the visual error—strongly predicts the magnitude of the learning response. Moreover, the
amplitude of this tonic component accounted for both inter-individual and trial-by-trial variability
in learning response amplitude. These findings identify a robust quantitative link between
sustained feedback-related responses and subsequent motor-command updates and provide
evidence suggestive of a causal contribution of the tonic feedback response to learning.
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Methods
General experimental procedures
A total of thirty-four right-handed participants (20 men and 14 women; age range, 18–40 years)
volunteered to take part in the study. Each participant completed one of the three experiments.
Participants were recruited using an online recruitment system (https://www.jikken-baito.com     ).
All participants provided written informed consent prior to participation, and all experimental
procedures were approved by the Office for Life Science Research Ethics and Safety of the
University of Tokyo.

Participants performed planar reaching movements with their right hand while holding the
handle of a robotic manipulandum (KINARM End-Point Lab, Kinarm, Kingston, Canada). A
horizontal screen positioned above the handle displayed a starting position, a target (5 mm in
diameter), and a white cursor (5 mm in diameter) indicating the handle position. This screen
occluded direct vision of the participant’s arm and the handle.

The target was displayed 20 cm directly in front of the starting position. Approximately one second
after the participant placed the handle at the starting position, the target changed color to
magenta, serving as the “go” cue. Participants were instructed to move the handle smoothly and as
straight as possible toward the target and to avoid using explicit strategies, even when the cursor
was perturbed. The cursor disappeared 700 ms after movement completion (i.e., during the
holding period), and the handle was automatically returned to the starting position. Participants
were instructed to hold the handle at the perceived location of the target and to refrain from
moving during the holding period.

To maintain consistent movement speed across trials, feedback on peak velocity was provided at
the end of each trial: “too fast” (> 750 mm/s), “rather fast” (> 650 mm/s), “rather slow” (< 450 mm/s),
or “slow” (< 350 mm/s). Before the main experiment, participants completed 50 practice trials to
stabilize their movement accuracy and velocity.

Experiment 1: Effect of visual perturbation onset on the LR
In Experiment 1 (10 participants: seven men and three women), we employed a single-trial
visuomotor adaptation paradigm using a visual cursor-shift perturbation originally developed to
investigate FBRs [16]. In perturbation trials, the cursor was shifted laterally by ±3 cm at one of four
distances from the starting position (Fig. 2a     ; 1, 6, 11, and 16 cm). A baseline condition with no
cursor shift was also included. Each perturbation trial was flanked by channel trials (Fig. 1a     ).
During both perturbation and channel trials, hand trajectories were constrained to a straight path
from the starting position to the target using a clamp-channel method [18], allowing measurement
of the lateral force exerted against the channel. The force channel was implemented using a
virtual spring (6000 N/m) and damper [100 N/(m/s)].

The temporal profile of the FBR was quantified as the difference in the lateral force between the
perturbation and baseline trials, whereas the LR was quantified as the difference between the
probe and baseline trials [10], During probe trials, the cursor was removed to assess the LR in the
absence of visual feedback.

Each trial set consisted of five consecutive trials: a baseline trial to measure the baseline lateral
force profile, a perturbation trial (one of nine conditions: 4 positions × 2 shift directions + 1 no
shift condition), a probe trial (Fig. 1a     ), and two null trials without force channel or cursor
perturbation to wash out adaptation effects. One cycle comprising all nine perturbation types was
repeated 26 times. Including 50 practice trials, the total number of trials was 1,220 (50 practice
trials + 5 trials × 9 perturbations × 26 cycles).
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Experiment 2: Effect of the visual error magnitude on the LR
Experiment 2 (12 participants: six men and six women) examined the quantitative relationship
between FBRs and LRs across different magnitudes of cursor-shift perturbations. Participants
repeatedly performed a set consisting of five trials. In perturbation trials, the cursor was shifted
laterally by ±0.4, 0.8, 1.2, 1.6, 2.0, or 3.0 cm at a position 1 cm from the starting position (Fig. 3a     ).
After 50 practice trials, one cycle comprising all 12 perturbation types was repeated 18 times,
resulting in a total of 1,130 trials (50 practice trials + 5 trials × 12 perturbations × 18 cycles). One
participant terminated the experiment early after completing 973 trials; for this participant, only
the first 15 cycles were included in the analysis.

Experiment 3: Effect of the complex temporal patterns of visual
error on the FBR and LR
Experiment 3 (12 participants: seven men and five women) examined whether different temporal
patterns of visual perturbations induce distinct patterns of FBRs and LRs. As in Experiments 1 and
2, participants repeatedly performed a set consisting of five trials. In the perturbation trials, three
types of temporal perturbation patterns were used (Fig. 5a     ). In the maintained conditions, the
cursor was shifted by ±3 cm at a location 1 cm from the starting position and the shift was
maintained throughout the movement (2 types; +3cm or -3cm). In the removed conditions, the
cursor was shifted by ±3 cm at the 1 cm location and then returned to zero (±3 cm → 0 cm) at one
of three locations (6, 11, or 16 cm; 6 types). In the reversed conditions, the cursor was shifted by ±3
cm at the 1 cm location and then reversed (±3 cm → ∓3 cm) at one of the three locations (6, 11, or
16 cm; 6 types). In total, fourteen perturbation types were used. After 50 practice trials, one cycle
comprising all 14 types was repeated 18 times, yielding 1,310 trials (50 practice trials + 5 trials × 14
perturbations × 18 cycles). One participant reported using an explicit strategy during the task and
was therefore excluded from all analyses.

Data analysis
Handle position and force data were sampled at 1000 Hz and low-pass filtered using a 4th-order
zero-lag Butterworth filter with a cutoff frequency of 6 Hz. Handle velocity was calculated by
numerically differentiating the position signal. The temporal profile of the FBR was defined as the
difference between lateral force profiles measured during the perturbation and baseline trials,
whereas the temporal profile of the LR was defined as the difference between lateral force profiles
measured during the probe and baseline trials.

Cross-correlation analysis
Temporal similarity and relative timing between FBRs and LRs were evaluated using cross-
correlation analysis. In Experiment 1, within-subject cross-correlations were computed to
determine the time lag that maximized the correlation between the two responses. For
Experiments 2 and 3, similarity was quantified using the cross-correlation coefficient at a fixed
time lag corresponding to the peak of the averaged cross-correlation function obtained in
Experiment 1 (cursor shift at 1 cm). In Experiment 2, cross-correlation coefficients were
additionally computed at a longer fixed lag of -500 ms to assess differences in the overall shape of
the cross-correlation functions.

Onset detection using ROC analysis
A receiver-operating characteristic (ROC) analysis was used to determine the onset latency of the
FBR (Green & Swets, 1974; Nashed et al., 2014). ROC curves were constructed to quantify the
probability of discriminating FBRs elicited by leftward versus rightward cursor shifts, with force
profiles aligned to the onset of the cursor shift. The discrimination point was defined as the
earliest time at which the ROC value exceeded 0.75 for at least 5 ms. To estimate the onset at which
the ROC curve began to deviate from chance (0.5), we regressed the ROC values within the 15 ms
window preceding the discrimination point and calculated the time at which this regression line
intersected the baseline of the ROC curve.
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Decomposition analysis
To quantitatively characterize FBRs and LRs, we fitted their temporal profiles using Eq. 1     . FBRs
were aligned to the cursor-shift onset (Fig. 3a     ), whereas LRs were aligned to movement onset
(Fig. 3b     ). Model fitting was first performed on response profiles averaged across participants to
identify the parameters σ and T. Using these parameters, individual response profiles were then
refitted to estimate the amplitudes of the phasic and tonic components. The same procedure was
applied to FBRs and LRs elicited by the second cursor shift in Experiment 3. Specifically, the
decomposition model was fitted to differential feedback response waveforms, computed as the
difference between the removed or reversed conditions and the maintained condition, and
aligned to the onset of the second shift (Fig. 6a     , inset). An analogous analysis was performed for
differential learning response waveforms aligned to movement onset (Fig. 6b     , inset).

Linear regression relating FBR and LR amplitudes
To quantify the relationship between the phasic and tonic components of the FBR and LR, we
performed linear regression using the model y = ax, where x represents the amplitude of each FBR
component and y represents the amplitude of the corresponding LR component. Model
performance was evaluated using the coefficient of determination (R²) calculated between
predicted and observed LR amplitudes. R² values were computed across all perturbation
conditions to evaluate how well the phasic and tonic components of the FBR accounted for
modulation of the corresponding components of the LR.

Dividing trials into Low and High tonic or phasic FBR components
Even when identical cursor shift magnitudes were applied, both FBRs and LRs exhibited
substantial trial-by-trial variability. We therefore examined whether variability in the FBR was
systematically related to variability in the LR. To this end, we analyzed trials from the same
condition in Experiments 1-3 (±3 cm cursor shift at 1 cm location; N = 33) and divided them into
two datasets based on whether they exhibited larger tonic or phasic FBR components. For each
participant, trials with rightward and leftward cursor shifts were randomly split into two datasets,
and baseline force profiles, FBRs, and LRs were obtained for each dataset by collapsing force
waveforms across cursor shift directions.

A critical issue in this classification procedure was that differences in baseline force profiles could
strongly influence both FBRs and LRs. Because FBRs and LRs were computed by subtracting
baseline force waveforms from the perturbed and probe trial waveforms, respectively, large
differences in baseline force between datasets could lead to classification driven by baseline force
variability rather than by genuine differences in FBRs. In such cases, both the FBRs and LRs
waveforms would be contaminated by baseline force differences. To mitigate this problem, we
repeated the random trial partitioning procedure 100 times and selected the pair of datasets that
exhibited the highest similarity between baseline force profiles, defined as the smallest mean
squared difference between baseline force profiles. This approach ensured that subsequent
comparisons primarily reflected variability in feedback responses rather than differences in
baseline force (see Figs. 8a     , 8c     , 8e      and 8g     ).

We then fitted the FBR waveforms averaged within each dataset using Eq. 1      to estimate the
amplitude of the phasic and tonic components. Based on the amplitude of either the phasic or
tonic component of the FBR, each dataset was classified as a Low-phasic (or tonic) FRB or High-
phasic (or tonic) FBR dataset. This procedure was repeated 100 times, and the baseline force, FBR
and LR waveforms were averaged across repetitions for each Low and High FBR datasets. Finally,
the grand averaged waveforms were again fitted using Eq. 1      to estimate the phasic and tonic
components of both FBRs and LRs.

Data exclusion
We excluded the data from the analysis by the following criteria. The lateral force data in each
cycle was discarded when the peak movement velocity for either a baseline trial, a perturbation
trial, or a probe trial was outside the included range (< 450 mm/s or >750 mm/s). The proportion of
the excluded cycle was 2.52% (Experiment 1), 2.70 % (Experiment 2), and 3.25 % (Experiment 3).
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Supplemental Information

Supplemental Figure 1. Robustness of the quantitative relationship between feedback and learning
responses to model parameterization in Experiment 2. Even when additional fitting parameters were
introduced for the model (Eq. 1     ), the quantitative relationship between the feedback response (FBR) and the
learning response (LR) remained unchanged. a-b, The decomposition model (Eq. 1     ) was fitted to individual
participants’ FBRs (a) and LRs (b) while allowing not only component amplitudes but also onset timing and
temporal dispersion to vary as free parameters. The fitted parameter values across participants were distributed
around those obtained from the grand-averaged responses. This distribution was relatively narrow for the FBR,
indicating high consistency across participants, whereas the LR showed a broader distribution, reflecting greater
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inter-individual variability. c-f, Using this extended fitting procedure, the model successfully reproduced the
modulation of FBR and LR amplitudes as a function of visual error magnitude, consistent with the results shown in
Fig.4     .

Neuroscience

https://doi.org/10.7554/eLife.111537.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience


Makino et al., 2026 eLife 15:RP111537.  https://doi.org/10.7554/eLife.111537.1 25 of 38

Data availability
The source Matlab data and analysis code that support the findings of this study are available in
Zenodo (DOI: 10.5281/zenodo.18297833). The repository includes the processed data and source
data underlying all figures and statistical analyses. Raw experimental data are large in volume
and are available from the corresponding author upon reasonable request.
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Reviewer #1 (Public review):

Summary:

The authors investigate the relationship between feedback responses and trial-to-trial
learning. In their paradigm, participants were constrained to a channel trial, and a cursor
was visually perturbed. Using a channel-perturbation-channel structure, the authors obtain
feedback responses to the perturbation and the learning response that ensues. In Experiment
1, the authors demonstrate that temporal dynamics of the learning response (LR) are poorly
linked to temporal dynamics of the feedback response (FBR). The LR responses are yoked to
the start of the movement, even in cases where the FBR is very delayed. Then, in Experiments
2 and 3, the authors dissect FBR and LR responses into two components: (1) a phasic
component that has a peak point mid-movement and then declines, and (2) a tonic
component that grows over the movement time course and remains stable during the holding
period. The authors provide evidence that LR responses are better predicted from the tonic
component of the FBR than the phasic component. The idea that tonic FBR components drive
learning over phasic components departs from prior models of error-based learning and
provides a new theory to understand sensorimotor adaptation.

Strengths:

(1) The paper is well-written, and the contribution is important and timely. The authors
provide clear experiments that change the way we conceptualize how trial-to-trial learning is
driven by feedback responses to error.

(2) The paper provides solid evidence to demonstrate that feedback (FBR) and learning (LR)
responses are not linked by a fixed delay, in contrast to prior models.

(3) The paper also introduces the concept that both tonic and phasic components of the FBR
differentially influence the learning response. The paper provides solid evidence that the
tonic forces maintained during holding still have an impact on the learning that proceeds on
the next trial. This has implications for models of sensorimotor adaptation and our
understanding of the physiology of learning.

Weaknesses:

While some conclusions are strong, I feel that the conclusions regarding FBR and LR
relationships need additional analysis. All these concerns are elaborated below. Broadly
speaking, there is a concern that some conclusions reached by the authors are linked to the
particular phasic/tonic model they use to parse FBR and LR responses. Other models are not
considered and could lead to differing results. Furthermore, it is assumed that LRs are scaled
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Neuroscience

https://doi.org/10.7554/eLife.111537.1
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.64898/2026.02.09.704807
https://doi.org/10.1073/pnas.2204379119
https://pubmed.ncbi.nlm.nih.gov/35858450
https://pubmed.ncbi.nlm.nih.gov/35858450
https://doi.org/10.1371/journal.pcbi.1008481
https://pubmed.ncbi.nlm.nih.gov/33872304
https://pubmed.ncbi.nlm.nih.gov/33872304
https://doi.org/10.7554/eLife.39882
https://pubmed.ncbi.nlm.nih.gov/31033439
https://pubmed.ncbi.nlm.nih.gov/31033439
https://doi.org/10.5281/zenodo.18297833
https://elifesciences.org/subjects/neuroscience


Makino et al., 2026 eLife 15:RP111537.  https://doi.org/10.7554/eLife.111537.1 29 of 38

FBRs. This assumption excludes the possibility that LRs could be driven by FBRs and other
mechanisms, which would alter the way the regression analyses are constructed. As
described below, model-free analyses are warranted to corroborate the main findings.
Further, the role that phasic-FBR plays in the adaptation process is understated in the
Discussion despite evidence to the contrary in Figure 8. Much of the analysis is done on trial-
averaged and participant-averaged responses, inflating R2 values. More analysis should be
done at the trial level to better examine model performance and accuracy. And while
valuable, the authors' experimental approach differs from standard force-field experiments
that were initially used to test feedback error learning hypotheses. The paper could benefit
from a Limitations section to discuss associated limitations.

Main Concern 1:

The decomposition of FBR and LR into phasic/tonic components is based on a specific model
(i.e., Equation (1)). The notion that tonic FBR predicts phasic/tonic LR is based on responses
estimated from the model. Thus, it is unclear whether critical findings (e.g., LR responses are
predicted by tonic FBR) are true of the "data" or true when the "data are analyzed in the
context of their model". In other words, had the authors proposed a different model to
decompose the LR/FBR into tonic/phasic components, would they obtain different results?

There are many possible alternatives:

(A) In Equation (1), the phasic and tonic components are assumed to add linearly at all times
to obtain the force profile. But the phasic and tonic components could be applied at separate
times. The tonic component could be invoked during holding, and the phasic component
could be invoked during moving. This type of model will differ from the current version,
especially in how the peak force during the moving period is assigned to the phasic/tonic
components.

(B) Another possibility is that the tonic and phasic components do indeed operate at the same
time (like in Equation (1)), but they are separate, independent controllers. In the author's
model, the tonic component is dependent on the phasic component.

(C) Another possibility is that the tonic and phasic components are linked, but not by an
integral.

(D) Another possibility is that the phasic component is not a Gaussian function of time.

Concern 1-1:

While it is not possible to explore the entire model space described above, the authors should
consider whether other phasic/tonic model classes could lead to qualitatively different
results. The authors could also consider other phasic/tonic models if appropriate, and
demonstrate that Equation (1) is superior based on an information criterion like AIC or BIC.

Concern 1-2:

I recommend that the authors pursue model-free, empirical analyses to support their
findings. This would decrease the reliance on the "correctness" of a particular model. One
logical choice would seem to be empirically estimating the phasic component as the peak
force during the moving period and the tonic component as the average force during the
holding period. In this model-free estimation of phasic and tonic commands, is it still the case
that tonic FBR alone predicts LR components?

Concern 1-3:

Building on Concern 1-2, a clear case where the concern about using a model alone to
estimate phasic and tonic components is in the across-subject variability analysis in Figure 7.
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Here, LR and FBR are compared to one another only in the context of the tonic-phasic model
in Experiment 1. The result is that only the tonic FBR predicts the tonic LR. But investigating
Figures 7b and 7c, it would appear that the peak force applied during the FBR during the
moving period (which should reflect the phasic component in large part as in Figure 4a)
would predict the peak (or average) force applied during the LR. Thus, the conclusion that
tonic FBR only predicts tonic LR may be driven by how the model estimates tonic/phasic
FBR/LR rather than a true property of the data. A model-free analysis, as suggested in
Concern 1-2, would be helpful in addressing this concern.

Main Concern 2:

Analyses in Figures 4g, 4h, 6c, and 6d are based on relating LR and FBR components with no
intercept: y = ax; the LR component is a scaled FBR component. It is unclear if the authors'
conclusion would vary had a different model been used. For example, suppose that LR on
trial n is partly determined by the FBR and also the sensory error (e) on trial n-1 (where c1
and c2 are constants):

LR(n) = c1 FBR(n-1) + c2 e(n-1)

Another model could suppose that the LR on trial n is due to the FBR on trial n-1, and also a
non-specific adaptive component that is independent of both FBR and the sensory error:

LR(n) = c1 FBR(n-1) + c2

Concern 2-1:

For these alternate models, y=ax (i.e., zero intercept) is not an appropriate relationship
between LR and FBR components. Had the authors allowed a non-zero intercept in Figs. 4g,
4h, 6c, and 6d, will they still observe that only tonic FBR predicts LR components? In other
words, would R2 improve for phasic FBR relationships with a non-zero intercept?

Concern 2-2:

Why was a non-zero intercept allowed for the between-subject analyses in Figure 7, but not
for similar analyses in Figures 4 and 6?

Main Concern 3:

The main results in Figures 4g, 4h, 6c, and 6d are based on an R2 value that is calculated on a
linear fit to the mean response averaged across participants and trials. This raises the
concern that the R2 value is being inflated, and it also misses the rich trial-to-trial variation
and subject-to-subject variation that could be used to examine the model's accuracy. A couple
of concerns here:

Concern 3-1:

As can be seen from the horizontal and vertical error bars in Figures 4g and 4h, there is
considerable variability across participants. While not shown, it is almost certainly the case
that there is considerable variability across trials within a participant (as alluded to in the
Fig. 8 analyses). The authors should evaluate their model performance and report goodness-
of-fit (or error) at the single-trial level. For example, the model could be fit to individual trial
data, and the R2 values from the trial fits could be used for comparing the various
relationships in Figures 4 and 6. Another idea would be to keep the alpha, beta, T and sigma
estimates obtained from the average data, and then apply these parameters to individual trial
responses and report the model error. Do phasic FBR commands similarly predict LR
components at the trial level, or do trial-level analyses corroborate the current conclusions
on tonic FBR superiority?
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Concern 3-2:

The authors report on Line 200 that the R2 values of 0.635 and 0.698 have modest predictive
power. It would be helpful for the authors to statistically compare the R2 values between
Figures 4g and 4h. One idea would be to obtain an R2 value for each individual participant.
Then the distribution of R2 values across participants could be compared between the
different relationships in Figure 4g/4h (e.g., via a t-test). This would help to better support the
idea that Figure 4h shows better model fits than Figure 4g. These analyses could also be
conducted for the relevant parts of Figure 6 (Experiment 3). The authors should consider
allow a y-intercept in this process as they do in Figure 7.

Main Concern 4:

The authors compare tonic and phasic FBR predictive power in Figure 4. There are other
places where the analyses in Figures 4g and 4h should be repeated:

Concern 4-1:

Tonic and phases FBR responses appear to vary in Experiment 1 (Figure 2c), but the authors
do not test whether they predict the LR component magnitudes in Figure 2d. Analyses in
Figures 4e,4f, 4g, and 4h should be added to the Experiment 1 analysis.

Concern 4-2:

While I understand the rationale behind computing differences in Figure 6 to isolate the
second-shift effect on FBR/LR, the authors should still perform the primary investigation in
Figures 4e, 4f, 4g, and 4h on the FBR and LR responses in Figures 5b-g (without subtracting
the "Maintained" component). In other words, before analyzing the contributions of the
second shift in Figure 6, the authors should repeat their analysis in Figure 4 applied to the
FBR and LR responses in Figure 5 (without subtracting off the maintained response). How
well does Equation (1) and y=ax capture the FBR and LR responses in Figures 5b-g?

Main Concern 5:

Given current practices in human sensorimotor adaptation, the current n=10 (or n=12) group
sizes appear limited in size, raising concerns on statistical power.

Concern 5-1:

The authors should consider a power analysis or provide some other justification to support
their chosen sample sizes.

Concern 5-2:

It is unclear why cross-correlation analyses in Figure 2e, 3d, and 5h have error bars, but no
other FBR or LR time courses have error bars. Error bars should be provided in Figures 2b,
2c, 2d, 3b, 3c, 5b, 5c, 5d, 5e, 5f, 5g, 6a, and 6b.

Concern 5-3:

The subject counts are reported as n=10 for Experiment 1, n=12 for Experiment 2, and n=12
for Experiment 13, but the subject-to-subject analysis in Figure 7 says n=33.

Main Concern 6:

I agree that the author's model suggests that LR responses are most strongly predicted by the
tonic FBR component. But I feel the narrative and Discussion surrounding this point are too
strong. They paint the picture that only tonic FBR is important in learning. To do this, the role
that phasic FBR plays is discounted, and mixed results concerning tonic FBR are overlooked. I
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feel that the Discussion should be broadened to acknowledge that the authors find evidence
that both tonic and phasic FBR appear to influence the learning response, with tonic FBR
making the stronger contribution in this task. Here are key areas that require attention:

Concern 6-1:

Importantly, the authors downplay their result in Fig. 8h, that the phasic FBR predicts phasic
LR in their Results on Line 350. This argues against the idea that only tonic FBR influence LR
parameters. On Line 485, the authors state that "trial-by-trial variability in LR amplitude was
explained by the tonic component of the FBR, but not by the phasic component (Fig. 8)." This
is not correct. Both the tonic and phasic components of the FBR altered LR components in
Figure 8.

Concern 6-2:

Again, it is stated on Line 502, that the phasic FBR component "had only a modest effect on
the LR". This again seems to underplay the result. The authors should amend their Results
and Discussion to better acknowledge that their data support a role for both tonic and phasic
FBR contributions to LR, but the tonic component appears to make a larger contribution in
their model.

Concern 6-3:

While the role of phasic FBR in determining LR amplitude appears to be understated, the role
of tonic FBR is, on occasion, overstated. The Discussion should mention that there is mixed
evidence for the role of tonic FBR in LR parameters. For example, in their between-subjects
analysis in Figure 7f, the authors do not find that phasic LR can be predicted by tonic FBR.
Thus, across subjects, no component of the FBR appears to predict phasic LR.

Concern 6-4:

To better investigate the role that both phasic FBR and tonic FBR may play in adaptation, it
would be advisable for the authors to consider this hypothesis. As it stands, tonic LR or phasic
LR is regressed only onto tonic FBR or phasic FBR individually. In Figures 1 (Experiment 1), 3
(Experiment 2), and 5 (Experiment 3), the authors could regress tonic LR and phasic LR onto
both phasic FBR and tonic FBR simultaneously. Models where LR = c1 phasic-FBR + c2 tonic-
FBR could be considered and compared against univariate models, LR = c phasic-FBR and LR
= c tonic-FBR using AIC or BIC to determine whether a mixed model that predicts LR with
both phasic and tonic FBR is warranted.

Irrespective of the result, the authors should be careful (Concerns 6-1 and 6-2) to state that
when levels of tonic-FBR were controlled in Figure 8 (which is likely the cleanest way to look
at the role phasic FBR plays in learning), phasic-FBR showed a clear influence on LR.

Major Concern 7:

On Line 577, it states the "hand was automatically returned to the starting position". Does this
mean that the robot moved the hand back to the start location? If so, was the hand ever
released from a force channel in between the perturbation trial and the following channel
trial? A concern is that the holding forces from the perturbation trial could "bleed over" into
the forces applied during the subsequent channel trial if the subject always remains in a
channel trial in between the trials. Suppose we label the 3-trial structure as Channel 1 (C1) -
Perturbation (P) - Channel 2 (C2). The authors should confirm that the holding forces on P are
not correlated with baseline force (i.e., the channel force prior to movement onset) in C2. I do
not expect there to be a strong correlation given that the learning responses in Figs. 2d, 3c,
and 5e-g appear near-zero at t=-400ms, but this should still be verified.
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Major Concern 8:

In Supplementary Figure 1, there appears to be an error in the "Amplitude of phasic LR (N)".
In Supplementary Figure 1f, the phasic LR magnitudes appear in line with Supplementary
Figure 1d, but there is a mismatch in the magnitudes for the phasic LR in Supplementary
Figures 1e & 1d (the phasic LR magnitudes appear to be too low in Supplementary Figure 1e,
peaking at around 0.1N when they should peak at around 0.15N).

Major Concern 9:

The authors should provide a Limitations section, highlighting unanswered concerns listed
above, mixed results, and differences from prior work. These are touched upon in the
Discussion section (particularly in Perspectives for future studies) but should be expanded
further. At a minimum, the authors should consider including a discussion of the following
points:

Differences from prior work:

9-1: There are methodological differences between this work and past studies highlighted by
the authors. It could be that there are multiple error-based learning mechanisms that drive
the FBR. Here, the authors find that visually-driven FBR responses do not drive LRs at a
"common temporal shift". Instead, LRs are broadly expressed at the start of the movement
(regardless of when the FBR was timed). However, tasks that have other components (e.g., a
proprioceptive error) might invoke different learning mechanisms. For example,
proprioceptive-driven FBRs might invoke LRs that have different temporal properties than
visually-driven FRBs.

9-2: As noted by the authors, Reference [10] studied FBR-driven learning in muscle
commands, as opposed to forces. Muscle responses may have differing temporal and/or
magnitude (for phasic/tonic) components that qualitatively differ from the force-based
conclusions made here. Thus, the learning mechanisms at the muscle level may differ from
those observed at the force level.

9-3: While the tonic FBR is a strong predictor of the learning response in this experiment,
most of the experimental conditions are done where the cursor remains deviated from the
target throughout the trajectory and into the holding period. This differs from past work on
feedback error learning, where feedback was veridical, and the cursor (and hand) ended on
the target. This persistent displacement from the target during the prolonged holding period
may influence the learning process and could enhance the tonic-FBR contribution to learning.

9-4: The authors state in the present study that subjects were told not to use "explicit
strategies" and move as straight as possible to the target. For past work, participants were
able to use explicit strategies during feedback and learning responses. It could be that the
lack of (or reduction in) explicit responses alters single-trial learning mechanisms relative to
past work.

Alternate models:

9-5: No alternate models are considered here for the tonic-phasic relationship. Other models
could relate these two processes differently, which could lead to different conclusions.

9-6: It is assumed that both the tonic and phasic controllers are active at the same moment in
time and sum linearly to generate the overall force output. Other models could have applied
each "controller" to different phases of the reach in a differential manner (e.g., two separate
controllers, a moving controller and a holding controller operating at different moments in
time).
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9-7: It is assumed here that the LR should be a scaled FBR: y = ax. Conclusions made here
could change if the LR is due to multiple processes, FBR-driven learning only being one of
them. Other models where the LR is driven by both FBR and the sensory error were not
considered here.

Mixed results:

9-8: While tonic FBR was a good predictor of phasic LR at the group-level (e.g., 4g), it did not
predict phasic LR between subjects (Fig. 7f) and in fact tended toward a negative
relationship.

9-9: Phasic FBR predicts Phasic LR at the trial-level (Figure 8h) but not as well at the subject-
level (Figure 7d).

9-10: Overall, with the exception of Figure 8, most analyses look at the relationship between
LR and tonic FBR or phasic FBR separately. In Figures 4c, 4d, 6c, 6d, and 7d-g, the authors look
at the marginal effect of tonic or phasic FBR on learning, but do not control for variations in
the other FBR component (e.g., they look at phasic FBR on tonic LR, but do not control for
tonic FR). The only analysis that controls for the other component is in Figure 8, suggesting
that both tonic and phasic FBR contribute to LR.

Minor concerns

(10) I'm not sure I follow the cross-correlation analysis in Figure 3. Overall, to me, both the
FBR in Figure 3b and the LR in Figure 3c look quite similar in their temporal profiles,
irrespective of the shift magnitude. The authors state on Line 158 that their cross-correlation
analysis "...revealed that the overall shape of the cross-correlation function changed
systematically with error magnitude". However, to me, in Figure 3d, the shape of the many
curves looks similar.

What is confusing to me here is including a phasic movement period and a tonic holding
period inside the cross-correlation. The tonic "static" component during the holding period
will likely greatly influence how well the cross-correlation is able to match the phasic peaks
during the LR/FBR moving periods. In other words, the reach consists of a "movement" and a
"holding" period. But the cross-correlation is blending the two together, and thus, I am not
sure how reliable this measure will be for truly estimating the temporal shift between
conditions. For example, if you look at the shaded gray area in Figure 3b, the "Movement
period" looks almost identical in temporal properties. The "peaks" and "troughs" happen at
nearly the same moment in time across all conditions. The onset of the FBR at approximately
200 ms is also identical across shift magnitudes. Thus, to me, the temporal properties of the
FBR seem very similar during the moving period (where the FBR is responding to the error).
But including the holding force (the tonic force after the 600ms period) seems to be causing
the cross-correlation function to estimate differences at very high lags. If these differences
are being driven solely by the holding forces, I am not sure this is meaningful.

It seems that the authors might want to repeat this analysis, excluding the holding force
period from the calculation of the cross-correlation coefficients.

(11) It would appear that the authors have a significant main effect of their ANOVA (p=0.028)
in Fig. 3f, but no post-hoc tests are reported to indicate which group means differ.

(12) When plotting FBR, a [0,600]ms period is shaded as the movement period. On Line 580, it
says that feedback was provided on peak movement speed. Was any feedback provided as to
the movement duration? If not, did participants complete the movement within the 600 ms
window labeled as movement speed? Were movements during perturbation trials longer
than non-perturbed trials?
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(13) Over what time period is Equation (1) fit to the data? Is it the [-200,700]ms window
shown in Figure 4a? A concern is that including too much of the "holding period" in the
model fit will cause the model to be biased toward fitting the holding period well and not the
moving period. This, in turn, might lead to better estimates for the beta parameter than the
alpha parameter. In addition to clarifying the fitting process, the authors should also include
R2 values for the moving and holding periods separately.

(14) The procedure is clear from Figure 1e, but it would be helpful on Line 91 to explain that
"collapsing" FBR and LR across rightward and leftward means that the FBR and LR were
negated for one of the directions (prior to collapsing).

(15) Are the "Amplitude of tonic LR (N)" supposed to be negative in Figures 6c and 6d?

(16) Overall, the parameter distributions in Figures 4e and 4f are similar to those in
Supplementary Figures 1c and 1d. The FBR amplitudes look nearly identical. Only the Phasic
LR amplitudes in Supplementary Figure 1d appear to be larger than the Phasic LR amplitudes
in Figure 4f. Can the authors provide an intuition for why the phasic LR contributions
increase when T and sigma parameters are allowed to vary between participants?

(17) There are two points where the authors should consider softening their language:

17-1: The authors state at multiple points (e.g., Line 154) that "...the waveforms of LRs
remained largely similar across conditions, while their amplitudes showed only modest
modulation with cursor shift magnitude". However, in Figure 3c, the LR amplitude for the 0.4
cm shift is approximately 0.2 N, and the LR amplitude for the 3 cm shift is approximately 0.3
N - a 50% increase. The authors should consider softening the language here to appreciate the
variations in LR amplitude.

17-2: On Line 258, it is stated that the FBR during holding "diverged only slightly" for the 16
cm condition in Fig. 5b. This seems too strong a statement. The "Maintained" FBR holding
force is about 0.2 N, and the reverse is about 0.1 N. Thus, the "Maintained" condition is
doubled. While I agree that the LR diverges more than the FBR (i.e., 5b vs. 5e), I think the
language choice here should be more careful.

https://doi.org/10.7554/eLife.111537.1.sa3

Reviewer #2 (Public review):

Summary:

The authors find a strong trial-level relationship between tonic feedback responses and tonic
learned responses.

Strengths:

The authors have performed several well-conducted experiments and thoughtful analyses to
test the relationship between feedback responses and subsequent learned responses. The
strength of the paper is the experimental control to probe this relationship and, eventually,
oppugn the feedback error learning hypothesis.

Weaknesses:

In general, the processes studied in this manuscript and the past work have not explained the
underlying mechanisms for the observed phenomena. Without knowing the mechanisms, the
results are largely observational/correlational when linking feedback responses to learned
responses, and there are no strong alternative hypotheses to explain the results. Most of the
larger comments below stem from this theme, including:
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(i) what causes the phasic and tonic portions of the feedback response,

(ii) justifying the phasic learned response,

(iii) what are some alternative hypotheses that can explain the current results and past
literature?

Suggestions to improve the paper are below.

(1) As mentioned above, it appears that there is limited mechanistic understanding of the
underlying processes. For the feedback response, there is clearly a phasic and tonic
component. It is not until one gets to the discussion that a potential mechanism is proposed,
where presumably the phasic response may be velocity dependent, and the tonic response
may be position dependent. On a somewhat related tangent, these responses somewhat
mirror muscle spindles, which are known to have velocity and position-dependent responses,
leading to the phasic and tonic firing during muscle stretch experiments.

a) Can the authors provide more discussion on the work that they currently cite, which
studied position and velocity dependent responses?

b) Relatedly, did the authors put any thought into developing a model, using error inputs
from the experimental trials, that can capture the feedback responses? For example, dF/dt *
tau = a*pe + b*ve - cF + e, where F = force response, tau is a time constant to generate the
force, a is a gain on position error (pe), b is a gain on velocity error (ve), c relates to the leak,
and e is Gaussian noise. The leak would be needed to explain the equilibrium / steady state at
the end of the trial. It could be very insightful if this, or some other similar flavour of model,
could explain the phasic and tonic components of the feedback response. The advantage of a
model in this form is that there are experimental inputs and the process evolves over time,
rather than fitting static curves to the data.

(2) Aligned with past literature, the authors have characterized the early and late phases of
both the feedback responses and learned responses as phasic and tonic. It is clear from the
data that the feedback response data are composed of a phasic and tonic phase. However, it is
less clear from the data in many of the figures that there is an actual phasic response in the
learned response. Further, from a modelling perspective, it is conceivable that the fitting
algorithm would partition the variance between the two components of equation 1, even
though there may only be one true underlying process. This may also explain why there was
no correlation between tonic feedback responses and phasic learned responses in Figure 7F.

a) Can the authors provide more rationale on why the learned response would also have a
phasic response? Is the assumption here that since the feedback response had a phasic
response, the learned response should as well?

b) Can the authors fit the learned response with only the tonic portion of the equation? Then,
perform model comparison between the phasic+tonic learned response model and the tonic
only learned response model using AIC/BIC, to justify whether or not a phasic portion of the
model is needed to explain the data.

c) Can the authors comment on the possibility that the learned response may just rise and
then decay over time, without being the outcome of two distinct processes?

(3) The nicely controlled experiments do well to provide evidence against the feedback error
learning hypothesis, which alone is a valuable contribution to the literature. However, the
authors do not provide a strong alternative hypothesis. There is a proposal of alternative
hypotheses. For example, on lines 494-498, referring to state estimation, which the authors
then state could not explain all the results in the preceding paragraph. It would be beneficial
to further bolster the possible explanations. Perhaps further discussion details on what the
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mechanisms are for the feedback responses (e.g., position or velocity dependence), and what
states (position error, velocity error, motor commands, etc.) transfer into the learned
response. Are they stored? Are they the outcome of a continuous process? This may be
difficult given the current state of understanding in the literature, but it could substantially
improve the paper.

https://doi.org/10.7554/eLife.111537.1.sa2

Reviewer #3 (Public review):

I believe that the paper is excellent and very well executed. I have several reservations about
the meaning of the tonic component of the feedback responses and about the more general
interpretation from a computational standpoint. These aspects may not require extensive
adjustments, but some key points could be discussed or better justified:

(1) It is true that most papers view adaptation as a trial-by-trial update and that several
models summarise motor errors by a scalar quantity for a model fit. The importance of
feedback control in visuomotor control has also been overlooked, as several studies explicitly
instructed not to correct. I also agree about the fact that the temporal aspects of sensory
encoding and control are often neglected in motor adaptation studies. However, there have
been some developments about adaptive control in the context of force field learning to
express the error signal and learning rule based on continuously evolving state variables as
those formulated in online control models (Crevecoeur et al., 2020, eNeuro 7(1); Kalidindi and
Crevecoeur, 2023, Curr Opin Neurobiol, 83, 102810). Could the authors consider discussing
whether this framework could or not be consistent with the current dataset?

(2) The choice of a cursor jump may require more in-depth justification. From an
experimental standpoint, it is clear from the authors' data that a cursor jump does evoke an
aftereffect and hence the developments are clearly validated empirically. The nature of the
adaptive response is less clear: indeed, cursor jumps can be represented as an external
perturbation to a variable that may be independent of the hand (e.g. Kasuga et al., 2022, J
Neurophysiol, 127 (2), 354-372). In contrast, a visuomotor rotation requires a change in state
space representation parameters (it is not clear which ones) that is more closely related to the
update of an internal model. Could the authors explain why they believe that a learning
response to a cursor jump is consistent with adaptation in general?

(3) The relationship between the tonic component of the feedback response and the learning
response is very clear from an experimental perspective again. However, I would suggest
being very cautious about the interpretation of this effect. My concern is that it is not clear
that this tonic response is irrelevant from a behavioural standpoint, and I am left wondering
what the correlation with the learning response truly means. Indeed, in real-life conditions,
there should be no net force produced in the end during a static phase, as the force during
stabilisation is by definition zero; only the net force produced against constant external loads
is required. There can be co-contraction but not net resultant force, unless external forces are
applied. So if the tonic response vanishes in real conditions, should there be no learning
response? This aspect is also relevant if one attempts to generalise the findings to force field
learning: since velocity-dependent force fields vanish during stabilisation, how can there be a
tonic component?

https://doi.org/10.7554/eLife.111537.1.sa1

Author response:

We thank the reviewers for their thoughtful and constructive comments, and we plan to
implement many of their suggestions to improve the paper. We agree that the manuscript
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would benefit from a clearer and more evidence-based presentation of how feedback
responses relate to subsequent learning responses. To address this point, we will perform
additional analyses and modeling, including model-free analyses of the phasic and tonic
components. These analyses will allow us to test whether the tonic component remains the
dominant predictor of the learning response without relying on the specific assumptions of
the tonic/phasic decomposition model.

We also agree that the manuscript would benefit from a more detailed discussion of the
mechanisms that may shape the temporal evolution of feedback responses and their
relationship to subsequent learning. We will therefore expand the discussion of this issue and
relate our findings to adaptive feedback control and continuous-time models of motor
adaptation, which may provide useful frameworks for interpreting the relationship between
feedback responses and learning responses.

Finally, we agree that the scope and limitations of the current experimental paradigm should
be discussed more explicitly when considering the generality of our findings. We will
therefore discuss whether and how the present results may generalize to broader forms of
sensorimotor learning and adaptation. We will also

https://doi.org/10.7554/eLife.111537.1.sa0
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