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Abstract 1 

The motor system demonstrates an exquisite ability to adapt to changes in the environment, and 2 

to quickly reset when these changes prove transient. If similar environmental changes are 3 

encountered in the future, learning may be faster, a phenomenon known as savings. In studies of 4 

sensorimotor learning, a central component of savings is attributed to the explicit recall of the task 5 

structure and appropriate compensatory strategies. Whether implicit adaptation also contributes 6 

to savings remains subject to debate (Leow et al., 2020; Yin and Wei, 2020). We tackled this 7 

question by measuring, in parallel, explicit and implicit adaptive responses in a visuomotor rotation 8 

task, employing a protocol that typically elicits savings. While the initial rate of learning was faster 9 

in the second exposure to the perturbation, an analysis decomposing the two processes showed 10 

the benefit to be solely associated with explicit re-aiming. Surprisingly, we found a significant 11 

decrease after relearning in aftereffect magnitudes during no-feedback trials, a direct measure of 12 

implicit adaptation. In a second experiment, we isolated implicit adaptation using clamped visual 13 

feedback, a method known to eliminate the contribution of explicit learning processes. Consistent 14 

with the results of the first experiment, participants exhibited a marked reduction in the adaptation 15 

function, as well as an attenuated aftereffect when re-learning from the clamped feedback. 16 

Motivated by these results, we re-analyzed data from prior studies and observed a consistent, yet 17 

unappreciated pattern of attenuation of implicit adaptation during relearning. These results 18 

indicate that explicit and implicit sensorimotor processes exhibit opposite effects upon relearning: 19 

Explicit learning shows savings, while implicit adaptation becomes attenuated.  20 

 21 

Introduction 22 

Throughout the life span, the motor system needs to learn to correct for errors that emerge due 23 

to changes in the state of the body and the environment. When re-experiencing a familiar change, 24 
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learning can be faster, a phenomenon known as savings upon relearning (Ebbinghaus, 1913; 25 

Huang et al., 2011; Krakauer et al., 2005; Mawase et al., 2014). Constraints on the computations 26 

underlying savings in sensorimotor learning have been the subject of considerable debate 27 

(Berniker and Kording, 2011; Herzfeld et al., 2014; Smith et al., 2006; Zarahn et al., 2008). 28 

Recently, converging lines of evidence from visuomotor adaptation tasks indicate that a central 29 

component of savings reflects improvement in the use of explicit strategies to counteract an 30 

imposed perturbation (Haith et al., 2015; Huberdeau et al., 2015; Leow et al., 2020; Morehead et 31 

al., 2015). That is, when participants first encounter a visual perturbation (e.g., rotation of the 32 

visual feedback), they may learn to explicitly adjust their behavior to compensate for the 33 

perturbation (e.g., aim in the opposite direction of the rotation). Later, upon re-exposure to the 34 

same perturbation, people quickly recall a successful strategy that had been previously employed, 35 

resulting in faster learning. 36 

Yet, the behavioral changes observed during sensorimotor learning do not arise solely from 37 

explicit strategy use. The behavioral change in such tasks is also driven by implicit adaptation, 38 

the adjustment in the sensorimotor map that occurs outside awareness and volitional control (Kim 39 

et al., 2020). Indeed, in many contexts, especially those involving small perturbations, most of the 40 

learning is implicit (Bond and Taylor, 2015; Kagerer et al., 1997; Morehead et al., 2015). Whether 41 

and how implicit adaptation contributes to savings remains unclear: While some studies have 42 

proposed that faster relearning is attributed to implicit processes (Coltman et al., 2019; Herzfeld 43 

et al., 2014; Yin and Wei, 2020), others reported no change in the rate of implicit adaptation upon 44 

relearning (Haith et al., 2015; Leow et al., 2020; Morehead et al., 2015). Importantly, it can be 45 

difficult to obtain a clean assessment of the time course of implicit adaptation across multiple 46 

experimental blocks given potential influences from explicit processes and the extended resilience 47 

of adaptation over time (Hadjiosif and Smith, 2013).  48 
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Here, we take advantage of protocols specifically designed to isolate explicit and implicit learning 49 

processes, asking whether each process is subject to savings upon relearning. We employed a 50 

savings design where the same perturbation was imposed during two epochs, separated by a 51 

washout block that allowed sufficient number of reaches in the absence of the perturbation for the 52 

adaptive response to be unlearned (Krakauer et al., 2005; Zarahn et al., 2008). In Experiment 1, 53 

the visual feedback was rotated by 45°, and by manipulating the instructions, we obtained 54 

separate estimates of explicit aiming and implicit adaptation (Morehead et al., 2015). In 55 

Experiment 2, we used task-irrelevant clamped visual feedback to isolate performance changes 56 

resulting from implicit adaptation (Morehead et al., 2017). The results revealed opposite effects 57 

on explicit and implicit motor processes upon relearning: While explicit strategy use improved in 58 

response to the second exposure of the perturbation, implicit adaptation was attenuated. A review 59 

of the literature and re-analysis of several studies revealed prior, yet unappreciated, evidence that 60 

implicit adaptation not only fails to exhibit savings, but actually becomes attenuated in response 61 

to previously experienced errors.  62 

 63 

Results 64 

In Experiment 1, we assessed the contributions of explicit and implicit motor learning processes 65 

to savings. Following a baseline block with veridical visual feedback, participants were exposed 66 

to the first learning block in which, on Rotation trials, the visual feedback cursor was rotated 45° 67 

with respect to the position of the hand (Fig. 1A). Participants were cued about the perturbed 68 

feedback and instructed that their task was to “move the cursor to the target” (Rotation 1). The 69 

compensatory response on Rotation trials with this manipulation involves both explicit and implicit 70 

processes (Morehead et al., 2015; Taylor et al., 2014). On a set of randomly selected interleaved 71 

trials, the feedback was eliminated, and the participants were instructed to aim directly to the 72 

target (Probe 1 trials), with the instructions emphasizing that they should stop using any strategy 73 
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employed on the Rotation trials. These Probe trials are designed to assay the state of implicit 74 

adaptation (Huberdeau et al., 2019; Morehead et al., 2015; Vandevoorde and Orban de Xivry, 75 

2019). 76 

 77 

A

Early learning AftereffectLate learningEarly learning Late learningE F G H I

D

Individual 

difference

(2 - 1)

Probe 1 vs. 2

Individual 

difference

(2 - 1)

Individual 

difference

(2 - 1)

Individual 

difference

(2 - 1)

Individual 

difference

(2 - 1)

No Feedback

(No FB Base/Aftereffect)

Veridical Feedback

(FB Base/Washout)
Rotation Probe

“Move your 

hand to the 

target!”

“Move the 

cursor to the 

target!”

Target

E
a
rl

y

Rotated 

Feedback

45 

Target Target

E
a
rl

y

F
e
e
d

b
a
c
k

Target

Rotation 1 

Probe 1

Rotation 2

Probe 2

N
o

 F
B

 B
a

s
e

F
B

 B
a

s
e

N
o

 F
B

 A
ft

e
re

ff
e

c
t 
1

s
t

F
B

 W
a

s
h
o

u
t

N
o

 F
B

 A
ft

e
re

ff
e

c
t 
2

n
dLearning 1 Learning 2

Early Late

B

C Rotation 1 vs. 2

N=24

Rotation 1

Rotation 2

Significant clusters 

(p<0.05)

Probe 1 

Probe 2

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted January 9, 2021. ; https://doi.org/10.1101/2020.07.16.205609doi: bioRxiv preprint 

https://doi.org/10.1101/2020.07.16.205609
http://creativecommons.org/licenses/by-nc-nd/4.0/


Figure 1. Experiment 1: Upon relearning a visuomotor rotation, explicit strategies show savings 78 

while implicit adaptation is attenuated. 79 

(A) Task-level schematics of all trial types. (B) Time course of mean hand angle averaged over cycles (4 80 

movements) when participants (N=24) were asked to aim for the target (blue), either during No Feedback 81 

blocks (No FB Baseline and Aftereffect, gray background), Veridical Feedback blocks (FB Baseline and 82 

Washout), or no feedback Probe trials, and when asked to compensate for a rotated cursor (Rotation, pink). 83 

Light and dark colors signify blocks 1 and 2 of the experiment. Dotted vertical lines denote one (thin) and 84 

two (thick) min breaks. The labels ‘Early’ and ‘Late’ mark the cycles used for operationalizing measures of 85 

early and late learning. (C, D) To highlight changes across blocks, overlaid hand angle functions of blocks 86 

1 and 2 for overall learning (explicit and implicit, Rotation trials, C) and implicit adaptation (Baseline, Probe 87 

and Aftereffect trials, D). Horizontal thick black lines mark clusters of cycles that show significant difference 88 

between the blocks with p<0.05 probability. Cycle numbers in both C and D correspond to the cycles of the 89 

Rotation trials. (E-I) Summary analysis of Early learning (E, G) and Late learning (F, H) for the Rotation (E, 90 

F) and Probe (G, H) conditions, and of the aftereffects (I). Left pair of bars show the mean across 91 

participants for each block, and right bar shows the mean of the within-participant differences (Block 2 – 92 

Block 1). Black dots indicate individual difference scores. For all figure panels, shaded margins and black 93 

vertical lines represent standard error of the mean (SEM). 94 

 95 

On Rotation trials, the participants’ hands deviated in the direction opposite to the rotation, 96 

approaching the ideal 45° change in hand angle by the end of the block ([mean ± SEM], 97 

40.8°±0.84°, Fig. 1B). On Probe trials, the hand angle was also shifted in the same direction, 98 

despite instructions to reach directly to the target. By the end of the learning block, this shift was 99 

markedly less than that observed on the Rotation trials (17.3°±2.23°, t(23)=-8.56, p<0.001, 100 

BF10=9.91*105, d=-1.75). The large difference in hand angle between the Rotation and Probe 101 

trials is consistent with the assumption that the participants employed an explicit aiming strategy 102 
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to achieve good performance on the Rotation trials and followed the instructions to stop using this 103 

strategy on Probe trials (Fig. S1).  104 

Following an extended washout with veridical feedback, the participants experienced a second 105 

learning block, again composed of trials with perturbed feedback (Rotation 2), interspersed with 106 

no feedback trials (Probe 2).  107 

Marked savings was observed on the Rotation trials: Performance improved at a faster rate 108 

relative to the first learning block (Fig. 1C). To statistically evaluate the locus of savings, we 109 

performed a series of analyses on the Rotation and Probe trials. For each trial type, two 110 

approaches were employed. The first, following conventions in the literature, was designed to 111 

focus on differences between the two learning blocks at predefined stages (Krakauer et al., 2005; 112 

Leow et al., 2020): Early (cycles 3-7 of each learning block) and Late (last 10 cycles). Here we 113 

used a 2 (Stage: Early vs Late) x 2 (Block: Learning 1 vs Learning 2) repeated measures ANOVA, 114 

with planned comparisons targeted at the differences between blocks. In the second analysis, we 115 

used a cluster-based permutation test to identify clusters of consecutive cycles that show a 116 

significant difference between the two learning blocks without relying on predefined assumptions 117 

about specific cycles (Labruna et al., 2019; Maris and Oostenveld, 2007). 118 

Considering first the data from the Rotation trials, the ANOVA showed main effects of learning 119 

within each block (Stage: F(1,23)=51.4, p<0.001, ηp
2=0.53) and savings across blocks (Block: 120 

F(1,23)=26.2, p<0.001, ηp
2=0.69). The interaction was also significant (Stage x Block interaction: 121 

F(1,23)=25.4, p<0.001, ηp
2=0.52). The increase between blocks, the savings effect, was 122 

significant in the early stage ([mean difference ± SEM], 18.7°±3.62°, t(23)=5.16, p<0.001, 123 

BF10=775, d=1.05, Fig. 1E), but not in the late stage where performance was near asymptote 124 

(0.03°±0.67°, t(23)=-0.04, p=0.968, BF10=0.215, d=-0.01, Fig. 1F). The cluster analysis revealed 125 

that the shift in hand direction was larger in the first quarter of the Rotation trials during the 126 
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relearning block, relative to first learning block (p<0.05, Fig. 1C), consistent with the pre-defined 127 

analysis. 128 

A more complex pattern was observed when analyzing the Probe trials (Fig. 1D). In the pre-129 

defined stage analysis, hand angle increased within each block, indicative of the operation of 130 

implicit adaptation (Stage main effect: F(1,23)=45.0, p<0.001, ηp
2=0.66). However, the effect of 131 

block was not significant (F(1,23)=0.07, p=0.800, ηp
2=0.00). This null result is consistent with the 132 

proposition that implicit adaptation does not contribute to savings (see Morehead et al., 2015). 133 

This conclusion, however, is qualified by a significant interaction (F(1,23)=8.30, p=0.008, 134 

ηp
2=0.27): The change in hand angle was slightly faster in the early stage of the second learning 135 

block (2.79°±1.30°, t(23)=2.15, p=0.042, BF10=1.49, d=0.44, Fig. 1G), but marginally smaller for 136 

the late stage (-2.34°±1.20°, t(23)=-1.96, p=0.063, BF10=1.09, d=-0.40, Fig. 1H). In the cluster 137 

analysis, no significant difference was found between the learning blocks.  138 

Although reaction time was not emphasized in this study, these data also point to a dissociation 139 

between explicit and implicit processes in savings. Reaction times were smaller on Rotation 2 140 

(695±46 ms) compared to Rotation 1 (858±74 ms) trials (t(23)=-2.93, p=0.007, BF10=6.21, d=-141 

0.60). This decrease is consistent with the idea that strategy use and/or strategy recall improve 142 

with experience (McDougle and Taylor, 2019). In contrast, reaction times did not vary between 143 

the first (667±28 ms) and second (667±39 ms) learning blocks for the Probe trials (t(23)=0.008, 144 

p=0.993, BF10=0.215, d=0.00). 145 

The aftereffect data provide a second measure of implicit learning. Here the visual feedback was 146 

withheld, and the participants were reminded to reach directly to the target. Indeed, these data 147 

provide a cleaner measure if we assume participants may occasionally lapse in switching their 148 

behavior between the Rotation and Probe trials (see below, Rogers and Monsell, 1995). 149 

Surprisingly, the aftereffect was weaker after the second block compared to the first in a 150 

predefined analysis restricted to the first cycle of each aftereffect block (-3.47°±1.01°, t(23)=-3.43, 151 
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p=0.002, BF10=17.2, d=-0.70, Fig. 1I), consistent with the trend observed above for the late stage 152 

of the learning blocks. Moreover, the cluster analysis showed a significant reduction of hand angle 153 

across the entire second aftereffect block (p<0.05). 154 

To summarize, the results of Experiment 1 show differential effects of relearning on explicit and 155 

implicit processes. Clear evidence of savings was observed on the Rotation trials, evident in the 156 

early trials where the largest component to learning comes from the use of an explicit aiming 157 

strategy (Haith et al., 2015; Morehead et al., 2015). In contrast, the overall behavior on the Probe 158 

trials was quite comparable between the blocks. There was a modest increase in hand angle early 159 

on in the second learning block relative to the first block which might be indicative of savings. 160 

However, the design required participants to frequently switch between aiming away from the 161 

target (Rotation trials) to aiming to the target (Probe trials). Since the change in aiming is larger 162 

during the second learning block, any failure to completely dispense with the aiming strategy 163 

would contaminate the Probe trials in a way that would make it appear as if they exhibit savings. 164 

Indeed, late in learning, where the behavior on Rotation trials has reached asymptote on both 165 

blocks, the difference in hand angle on the Probe trials was actually numerically lower than on 166 

the first block.  167 

Importantly, the aftereffect data point to a robust attenuation of implicit adaptation upon re-168 

exposure to a perturbation. We considered if this surprising attenuation might be an artifact of the 169 

experimental design, and in particular effects that may occur with the transition between the 170 

learning and aftereffect blocks. First, implicit learning is known to involve both labile and stable 171 

components, with the former manifest by a reduction in the aftereffect by around 25% over a ~60 172 

s delay, even in the absence of any movement (Hadjiosif et al., 2014). Thus, the attenuation could 173 

result from differences in the labile component between the first and second blocks. However, the 174 

amount of elapsed time between the end of each learning block and the completion of the first 175 

cycle of the aftereffect block was similar for the first and second learning phases. There was a 176 
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break of approximately 10 s prior to the start of the aftereffect block (during which the 177 

experimenter provided the new instructions), and the first cycle of the aftereffect block took about 178 

13 s to complete (Aftereffect 1: 13.6±1.7 s; Aftereffect 2: 12.4±1.7 s; t(23)=-0.710, p=0.485, 179 

BF10=0.270, d=-0.15). Thus, the contribution from the labile component should be similar for the 180 

two aftereffect blocks.  181 

Second, estimates of implicit adaptation can be affected by differential use in aiming (Day et al., 182 

2016). Prior studies have shown that the generalization function of implicit adaptation is centered 183 

at the aiming location. As such, the increase in aiming in the second block could distort the 184 

estimate of adaptation in the aftereffect block since the measurements in this block are obtained 185 

for reaches to the target location. The mean hand angle in the late phase of the Probe trials are 186 

~2° lower on the second learning block. Given that the hand angle is the same on the Rotation 187 

trials, this would imply that the aiming location is shifted ~2° farther from the target in the second 188 

block. Based on estimates of Gaussian generalization functions in the literature (e.g., McDougle 189 

et al., 2017), a 2° difference in aiming would be expected to produce a miniscule reduction in the 190 

aftereffect, ~0.5°, or only 14% of the observed reduction in Aftereffect 2. We recognize that this 191 

is a crude estimate given that aiming strategy changes over experience and we do not know the 192 

dynamics of aim-based generalization. Despite this limitation, it seems highly unlikely that the 193 

reduced aftereffect in the second learning block is due to changes in aiming location.  194 

To obtain a purer assay of the effect of relearning upon implicit adaptation we conducted a second 195 

experiment using a method thought to entirely eliminate changes in aiming and thus avoid issues 196 

with switching and generalization. Instead of presenting the feedback at a position contingent on 197 

the hand position, Experiment 2 used task-irrelevant clamped feedback (Morehead et al., 2017). 198 

On each reach during the learning blocks (Clamp 1 and Clamp 2), the visual feedback followed a 199 

fixed path, rotated 15° (either clockwise or counterclockwise, fixed for a given participant) from 200 

the target, with the radial position matched to the participants’ hand (Fig. 2A). The participant was 201 
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informed that the angular position of the cursor would be independent of her hand position and 202 

that she should ignore the feedback, always reaching directly to the target. Given these 203 

instructions, changes in hand angle in response to task-irrelevant clamped feedback is assumed 204 

to be implicit, an inference supported by converging evidence from various measures of 205 

adaptation (Morehead et al., 2017; Jonathan S. Tsay et al., 2020d).  206 

The main group of participants (Test group) experienced the clamped feedback over two learning 207 

blocks, separated by an extended washout block (Fig. 2B). As expected, participants showed a 208 

robust adaptation effect in both learning blocks, with the heading direction of the hand movement 209 

drifting away from the target in the opposite direction of the feedback (Fig. 2C). The presumption 210 

that this change in behavior was implicit is supported by a number of observations. First, there is 211 

a close match between the magnitude of hand angle at the end of the learning block and start of 212 

the aftereffect block ([mean Aftereffect/Late learning, 95% confidence interval (CI)], Learning 1: 213 

[mean, 95% CI], 0.94, [0.88 1.00], Learning 2: 0.85, [0.74 0.96]). The small decay is likely due to 214 

some forgetting during the short break between these blocks (Hadjiosif and Smith, 2013; Hadjiosif 215 

et al., 2014; Zhou et al., 2017). Second, consistent with the hypothesis that participants aimed 216 

directly to the target throughout the experiment, reaction times were uniformly fast (~400 ms) and 217 

comparable across different phases of the experiment (Clamp vs Aftereffect: t(15)=0.810, 218 

p=0.430, BF10=0.340, d=0.20; Learning 1 vs Learning 2: t(15)=-0.390, p=0.702, BF10=0.273, d=-219 

0.10). Third, in a debriefing survey, all of the participants reported that they always planned their 220 

reaches to the target and none reported awareness of the systematic changes in hand direction. 221 

We used the same two-part statistical analysis as in Experiment 1, first analyzing the data from 222 

pre-specified blocks and then with the cluster analysis that considers all of the data. The ANOVA 223 

showed a main effect of stage (F(1,15)=53.4, p<0.001, ηp
2=0.78), with hand angle increasing 224 

between the early and late phases of a block. Importantly, the effect of block was also significant 225 

(F(1,15)=10.8, p=0.005, ηp
2=0.42), with the adaptation function markedly attenuated in the second 226 
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learning block (Fig 2D). Although the interaction was not significant (F(1,15)=0.76, p=0.399, 227 

ηp
2=0.05), we conducted our planned comparisons for each learning stage. In the early phase, 228 

adaptation was numerically lower, but the difference was not significant ([mean difference ± SEM], 229 

-1.82°±1.33°, t(15)=-1.37, p=0.191, BF10=0.562, d=-0.34, Fig. 2E). In the late phase, the 230 

attenuation of adaptation was significant (-3.28°±0.91°, t(15)=-3.59, p=0.003, BF10=16.3, d=-0.90, 231 

Fig. 2F). A significant attenuation effect was also found in the planned comparison of the 232 

aftereffect data (-5.00°±1.34°, t(15)=-3.74, p=0.002, BF10=21.5, d=-0.94, Fig. 2G). The cluster 233 

analysis provided a similar picture. Implicit adaptation was attenuated throughout much of the 234 

learning and aftereffect blocks (p<0.05, Fig. 2D). 235 

Given that attenuation of implicit adaption in re-learning has not been highlighted in the literature, 236 

we conducted a replication study using an online platform (Jonathan S. Tsay et al., 2020a), one 237 

in which the crowdsourced participants complete the study remotely using their individual display 238 

and response devices. The results from the online study were quite similar to those observed in 239 

Experiment 2 (Fig S2, all statistics are reported in the caption). Of particular note, adaptation was 240 

lower during the second block in the late phase of learning ([mean difference ± SEM], -241 

1.57°±0.74°, t(47)=-2.14, p=0.038, BF10=1.25, d=-0.31) and in the aftereffect (-3.35°±0.81°, 242 

t(47)=-4.14, p<0.001, BF10=168, d=-0.60), and the attenuation was observed in multiple clusters 243 

throughout the learning and aftereffect blocks (p<0.05). Considered in tandem with the results of 244 

Experiment 2, the results clearly show that implicit adaptation elicited in response to clamped 245 

feedback is attenuated upon relearning. 246 
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 247 

Figure 2. Experiment 2: Task-irrelevant clamped feedback revealed an overall attenuation of implicit 248 

adaptation upon relearning. 249 

(A) Task-level schematics of all trial types. (B) Experimental protocol of two experimental groups: Test 250 

(N=16, green) and Control (N=16, purple). For the Test group, the green oblique lines in the Washout block 251 
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represent a transition from a reversed-clamp phase to a veridical feedback phase; the cycle of the transition 252 

was determined based on each individual’s performance in the reversed-clamp phase (see Methods). (C) 253 

Time courses of mean hand angle averaged over cycles (4 movements) for both groups. For the Test group, 254 

light and dark green colors signify blocks 1 and 2 of the experiment, with the onset of the task-irrelevant 255 

clamped feedback marked by the vertical solid lines. Dotted vertical lines denote one (thin) and two (thick) 256 

min breaks. The labels ‘Early’ and ‘Late’ mark the cycles used for operationalizing measures of early and 257 

late learning. (D) Overlaid hand angle functions for the two blocks. Horizontal thick black lines denote 258 

clusters that show a significant difference between blocks 1 and 2 (p<0.05). (E-H) Summary analysis of 259 

Early learning (E), Late learning (F) and Aftereffect (G) stages for the Test group, and Late learning for the 260 

Control group (H). Left pair of bars show the mean across participants for each block, and right bar shows 261 

the mean of the within participant differences Block 2 – Block 1. Black dots indicate individual difference 262 

scores. (I) Summary analysis comparing the Aftereffect between the groups in the last No FB block. Black 263 

dots represent data of individual participants. (J) Overlaid hand angle functions for the Aftereffect block of 264 

the Control group and the Aftereffect 1 (left panel) or Aftereffect 2 (right panel) of the Test group. For all 265 

figure panels, shaded margins and black vertical lines represent standard error of the mean (SEM). 266 

 267 

We considered the possibility that the attenuation might reflect fatigue or some sort of a 268 

habituation process, one in which the response to the clamped error signal becomes attenuated 269 

with extended use. To test this hypothesis, a separate group of participants (Control group) was 270 

exposed to a single, extended block of clamped feedback with no washout (Fig. 2B). The 271 

participants from this group showed near-identical adaptation to that observed in the Test group 272 

over the cycles corresponding to the first learning block (Fig. 2C). Moreover, they remained at 273 

this asymptote for the remainder of the experiment, with no indication of a shift in hand angle back 274 

towards the target. This was confirmed in an analysis comparing the hand angle for the Control 275 

group at cycles corresponding to the late stages for the first and second learning blocks in the 276 
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Test group (cycles 111-120 vs cycles 281-290, -0.62°±2.58°, t(15)=-0.24, p=0.813, BF10=0.262, 277 

d=-0.06, Fig. 2H).  278 

Finally, we performed a direct comparison of the aftereffect data from the Test and Control groups. 279 

In the pre-defined analysis (cycle 291 only), the magnitude of the aftereffect was ~25% lower in 280 

the Test group (19.9°±2.45°) than in the Control group (26.4°±3.31°), although this difference was 281 

not significant (t(30)=-1.58, p=0.125, BF10=0.587, d=-0.56, Fig 2I). For the cluster analysis, we 282 

did two analyses, comparing the Control group data from the single aftereffect block (cycles 291-283 

300) to the Test group data from the first aftereffect block (cycles 121-130) and the second 284 

aftereffect block (cycles 291-300). There were no significant clusters when the Test group data 285 

came from the first aftereffect block. In contrast, multiple time points in the cluster analysis showed 286 

an attenuation effect when the Test group data came from the second aftereffect block (Figs. 2J). 287 

These results indicate that the attenuation of implicit adaptation takes place specifically upon 288 

relearning and is not attributable to fatigue or habituation. 289 

 290 

Discussion 291 

Savings is a relatively ubiquitous phenomenon, observed in domains as diverse as classical 292 

conditioning (Kehoe and Macrae, 1997), procedural learning (Crossley et al., 2014), and 293 

associative memory (Srull, 1981). Within the domain of sensorimotor learning, savings has been 294 

observed in adaptation studies involving perturbations of arm movements (Arce et al., 2010; 295 

Krakauer et al., 2005), locomotion (Malone et al., 2011), and saccadic eye movements (Kojima 296 

et al., 2004). Recent work has taken a more mechanistic approach, seeking to specify constraints 297 

on savings. One key insight here is that the benefits observed during relearning may be limited to 298 

certain component processes of learning; in particular, savings has been associated with explicit 299 

strategy use, but not implicit sensorimotor adaptation (Haith et al., 2015; Morehead et al., 2015; 300 
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see also, Oh and Schweighofer, 2019). Our results go beyond this observation, indicating that 301 

implicit adaption not only fails to exhibit savings, but is actually attenuated upon relearning. Taken 302 

together, relearning a visuomotor transformation appears to produce opposite effects on explicit 303 

strategies and implicit adaptation: While the explicit system exhibits savings, the implicit system 304 

shows attenuation. 305 

 306 

Attenuation of implicit adaptation upon relearning is a robust phenomenon 307 

The finding that implicit adaptation becomes attenuated upon relearning stands in contrast to prior 308 

reports that have either reported an absence of savings (i.e., no change upon relearning, e.g., 309 

Morehead et al., 2015) or signatures of savings (e.g., Yin and Wei, 2020). An absence of savings 310 

has been interpreted as reflective of the inflexible nature of the implicit adaptation system 311 

(Avraham et al., 2019; Bond and Taylor, 2015; Kim et al., 2018; Morehead et al., 2017), consistent 312 

with other findings showing that adaptation is minimally influenced by top-down factors such as 313 

task outcome (Mazzoni and Krakauer, 2006). By contrast, evidence showing savings during 314 

adaptation motivated a model in which the system retains a memory of previously experienced 315 

errors, and exhibits increased sensitivity to those errors when re-encountered (Herzfeld et al., 316 

2014). This model can explain behavioral changes in the rate of learning to errors of different size 317 

(Marko et al., 2012), as well as manipulations of the learning context (Gonzalez Castro et al., 318 

2014; Herzfeld et al., 2014). However, these behavioral effects may not reflect the memory of 319 

errors per se, but rather, the contribution of explicit learning processes that, through the 320 

recognition of a particular learning context, recall context-specific strategies that compensate for 321 

an associated perturbation (Avraham et al., 2019; Bond and Taylor, 2015; Morehead et al., 2015).  322 

Prior to initiating this project, we were not aware of any reports of attenuation in implicit adaptation 323 

during relearning. In retrospect, this may reflect a bias in the literature to look for savings given 324 
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the ubiquity of this phenomenon in the learning literature. Moreover, as noted in our motivation 325 

for Experiment 2, it can be difficult to obtain “pure” measures of implicit learning. Learning in 326 

standard adaptation tasks tends to reflect the composite operation of multiple processes, and it 327 

is just in the past decade that analytic methods have been developed to cleanly partition the 328 

learning benefits into its component sources (e.g., Benson et al., 2011; Haith et al., 2015; Leow 329 

et al., 2018; Schween et al., 2020; Taylor et al., 2014).  330 

Given the unexpected, yet consistent, pattern of attenuation observed in the experiments reported 331 

here, we conducted a review of the literature, seeking to determine if this phenomenon had been 332 

overlooked in previous studies. Our primary inclusion criteria were 1) that the design included two 333 

learning phases with some form of washout between the two phases, and 2) the learning data of 334 

interest were estimates of implicit adaption with limited explicit contribution. We note that in most 335 

of these studies, the analysis relevant to our review was either not reported or was only noted in 336 

passing since the focus was on a different question. 337 

We identified 13 experiments from nine papers that met these inclusion criteria. For each 338 

experiment, we calculated the change in performance in re-learning, using Cohen’s d as a 339 

standardized metric of effect size to facilitate comparison across experiments. In some studies, it 340 

was possible to make (or obtain) this calculation from the published work; in the other instances, 341 

we obtained the data from the authors, performed the requisite analyses, and then calculated 342 

Cohen’s d. Consistent with the current results, the overall pattern in these experiments was one 343 

of attenuation of implicit adaptation upon relearning, and in the majority of the cases, the effect 344 

size was moderate or higher (Fig 3A). The attenuation effect was most pronounced when the 345 

experiments included a test for late learning or had an aftereffect block; the results for early 346 

learning were inconsistent. We suspect the inconsistency in the early learning results arises in 347 

part, from the fact that the level of learning is generally low during this phase, making it less 348 
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sensitive for revealing changes between blocks. Moreover, any failure to completely wash out the 349 

effects of adaptation from the first block will introduce a bias towards savings.  350 

To detail a few examples, consider first a recent study by Yin and Wei (Yin and Wei, 2020). The 351 

focus of the paper was on a generalization issue, showing that following exposure to conditions 352 

conducive to implicit adaptation in an initial learning block (e.g., clamped feedback), participants 353 

learned at a faster rate when presented with an abrupt 30° (relative to a group who did not receive 354 

the initial training). While the behavior here could be seen as a form of savings, it is not clear that 355 

the savings came from a change in the implicit process. First, the introduction of the 30° rotation 356 

in the second block engages both explicit and implicit processes. Second, veridical feedback was 357 

used to washout learning at the end of the first block. This introduces a salient error at the start 358 

of washout which might impact subsequent behavior in the second learning block. More relevant 359 

to the present discussion is the performance of their control group (Yin and Wei, 2020, Exp 2). 360 

For this group, the same 30° rotation was presented in two blocks separated by a washout period 361 

(i.e., a classic savings design). Importantly, participants reported their aiming location prior to 362 

each reach, and thus, implicit adaptation could be inferred by subtracting the aiming location from 363 

the actual hand position (Taylor et al., 2014). As shown in Figure 3B, the estimate of the implicit 364 

component was attenuated in the second learning block. A similar pattern was observed in two 365 

other studies using the aiming report task (Morehead et al., 2015; Wilterson and Taylor, 2020).  366 

A second example comes from a paper by Leow et al. (Leow et al., 2020). Here the authors used 367 

a task in which the target was displaced during the reach such that it intersected the perturbed 368 

cursor. This elimination of task error (the cursor “hits” the target) has been argued to provide 369 

another method for isolating implicit learning (Leow et al., 2018). When this task was repeated 370 

over two blocks, separated by a washout period, the asymptotic level of adaptation was 371 

attenuated in the second block (Fig. 3C).  372 

 373 
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 374 

Figure 3. Prior evidence for attenuation upon relearning for implicit visuomotor adaptation.  375 

(A) Cohen’s d effect size of the differences in learning measures between the second and first learning 376 

blocks for experiments meeting our criterion for inclusion in the review of the literature. Early learning (green 377 

circles), Late learning (blue triangles), Aftereffect (purple squares) and Learning rate (dark purple stars). 378 

(B, C) Overlaid hand angle functions of implicit adaptation to a visuomotor rotation over two learning blocks 379 

separated by a washout phase (not shown). Light and dark colors denote blocks 1 and 2 of the experiment, 380 

respectively. Shaded margins represent the SEM. In B, implicit adaptation was extracted by subtracting a 381 

reported aiming location from movement hand angle on every trial. Adapted with permission from Yin and 382 

Wei, 2020. In C, implicit adaptive response to the rotated cursor when the target jumps in a manner that 383 

eliminates task error. Adapted with permission from Leow et al., 2020. (D) Learning rate during adaptation 384 

to a gradually changing visuomotor rotation, tested on two days. Pink markers represent individual 385 
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participants. Black diagonal dotted line represents the unity line. Bars and black vertical lines (inset) 386 

represent mean and SEM, respectively. Adapted with permission from Stark-Inbar et al., 2016. 387 

 388 

The third example comes from our own lab, an individual difference study in which participants 389 

were tested on a variety of implicit learning tasks, each repeated over two sessions (Stark-Inbar 390 

et al., 2016). The battery included a visuomotor rotation task that used a schedule in which the 391 

perturbation changed in a gradual manner to minimize awareness. The estimated mean learning 392 

rate of the participants was lower on the second day (Fig. 3D). Attenuation was also observed in 393 

another study from the lab using a gradual perturbation schedule (Jonathan S. Tsay et al., 2020c).  394 

Our re-analysis of the literature also identified experiments that either showed no significant 395 

change in implicit adaptation upon relearning or even savings (see Fig 3A). Notably, all of the 396 

cases showing a moderate effect size in the direction of savings used the design of Experiment 397 

1, where participants alternate between Rotation and Probe trials (Morehead et al., 2015, Exp. 4, 398 

Vandevoorde and Orban de Xivry, 2019, Exps. 1a and 1b). As noted previously, this method may 399 

be problematic for isolating implicit learning due to contamination on Probe trials if the participant 400 

fails to dispense with the aiming strategy on some trials. This issue would be most salient in the 401 

early stages of learning when differences between strategy use are especially large between the 402 

two learning blocks. Indeed, the “savings” effect was mainly found during early learning in these 403 

experiments.  404 

We do not take the current results to be indicative of constraints on relearning for all forms of 405 

implicit learning. Savings-like phenomena have been observed on implicit tasks involving de novo 406 

learning, as in mirror drawing and eyeblink conditioning, or when recalibrating an existing 407 

representation, as in saccade adaptation. In one of the most widely cited examples, the learning 408 

function on a mirror drawing task for the amnesia patient H.M. resumed each day around the 409 

same level as where it had ended on the previous session, despite his lack of awareness of having 410 
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done the task before (Milner, 1962). While there was no “wash-out” phase to provide a real test 411 

of savings, there was no indication that the rate of learning weakened over sessions. Savings has 412 

also been well documented in the eyeblink conditioning literature (Macrae and Kehoe, 1999; 413 

Medina et al., 2001; Napier et al., 1992; Steinmetz and Freeman, 2014; Woodruff-Pak, 1993) and 414 

in saccade adaptation (Kojima et al., 2004).  415 

 416 

Possible mechanisms for attenuation upon relearning 417 

We consider two general explanations for an attenuation of relearning rate. First, we discuss how 418 

attenuation could come about from the modulation of parameters governing the alteration of a 419 

single memory by the error experienced on each movement. We then turn to a hypothesis by 420 

which attenuation reflects the interplay of multiple memories. Given that implicit sensorimotor 421 

adaptation is paradigmatic as a cerebellar-dependent process (Criscimagna-Hemminger et al., 422 

2010; Izawa et al., 2012; Martin et al., 1996; Morehead et al., 2017; Schlerf et al., 2012; Taylor et 423 

al., 2010; Tseng et al., 2007; Weiner et al., 1983), we make reference to other cerebellar-424 

associated learning phenomena in our discussion of these mechanistic hypotheses.  425 

Within the context of sensorimotor adaptation, savings has traditionally been modeled in terms of 426 

changes that impact a unitary memory of a sensorimotor map. The classic example is the single 427 

rate state-space model (Raibert, 1978; Thoroughman and Shadmehr, 2000). Here, trial-by-trial 428 

learning reflects the operation of two parameters, a retention factor corresponding to how well the 429 

system retains a memory of its current state, and a learning rate corresponding to how that state 430 

should be modified given the error just experienced. With this model, savings can be explained 431 

by an increase in retention (Joiner and Smith, 2008) and/or an increase in the learning rate 432 

(Herzfeld et al., 2014; Zarahn et al., 2008) across learning blocks. Similarly, eyeblink conditioning 433 

is typically modeled with the Rescorla-Wagner model, which formalizes the trial-by-trial change in 434 
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the associative strength between the conditioned and unconditioned stimuli in terms of a learning 435 

rate parameter and the salience of the CS. Thus, savings could arise from the faster operation of 436 

the associative process, or could be attentional in nature, with the salience of the CS amplified 437 

when re-encountered in a familiar context (Mackintosh, 1975; Pearce, 2013).  438 

The same models that adjust parameters of a state update equation over experience can account 439 

for attenuation in re-learning; in the state-space model, attenuation would result if the retention 440 

factor or learning rate were reduced. Indeed, a number of factors that attenuate learning have 441 

been modeled this way, including the effect of visual feedback uncertainty (Burge et al., 2008; 442 

Jonathan S. Tsay et al., 2020b; Wei and Körding, 2009) and task success (Kim et al., 2019; Leow 443 

et al., 2018; Reichenthal et al., 2016).  444 

As shown in the current study, implicit adaptation may be attenuated merely by re-exposure to a 445 

perturbation. A simple experience-dependent reduction in either the learning rate or retention 446 

parameters is ruled out because the Control group in Experiment 2 showed no attenuation in the 447 

magnitude of their asymptotic learning. However, attenuated adaptation upon relearning, as 448 

observed in the Test group, could reflect a desensitization process, one in which the system 449 

becomes less sensitive to a familiar error when, after washout, that error is re-encountered. 450 

Mechanistically, desensitization in re-adaptation of the vestibulo-ocular reflex has been attributed 451 

to the saturation of recently activated synapses (Nguyen-Vu et al., 2017). Applying this idea to 452 

our results, we might suppose that mechanisms underlying adaptation become saturated during 453 

the initial learning block. As long as the environment does not change (as in the Control group), 454 

the system can remain at asymptote. However, desensitization would occur during re-learning if 455 

the washout phase did not allow sufficient time to rejuvenate synaptic elements required for 456 

plasticity. This hypothesis predicts that the degree of attenuation would be dependent on the 457 

duration of the washout phase: Less attenuation should be seen if the duration of the washout 458 

phase is increased. However, the fact that attenuation of implicit adaptation is observed across 459 
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days (Stark-Inbar et al., 2016; Jonathan S. Tsay et al., 2020c; Wilterson and Taylor, 2020) seems 460 

problematic for this unitary memory hypothesis. 461 

An alternative framework for understanding attenuation during re-learning is to consider how 462 

learning functions may be modulated by the interplay of multiple memories. Various 463 

reformulations of the state-space model have been developed to incorporate this idea. For 464 

example, the basic state-space model can be expanded to allow for multiple learning processes 465 

that operate on different time scales (Smith et al., 2006; see also Kording et al., 2007). 466 

Interestingly, the interplay of fast and slow processes, even when their associated parameters 467 

remain fixed, can produce savings, at least when the washout period is not sufficiently long to 468 

allow both processes to return to the null state (Zarahn et al., 2008).  469 

In a complementary way, attenuation in re-learning may also reflect the interplay of component 470 

processes that have opposing effects on behavior. In studies of sensorimotor adaptation, 471 

interference is observed when opposing perturbations alternate in a random manner (Howard et 472 

al., 2013), as well as when presented sequentially (Miall et al., 2004; Shadmehr and Brashers-473 

Krug, 1997). In such situations, the absence of savings has been attributed to interference 474 

between two internal models, one associated with each perturbation (Krakauer et al., 2005). 475 

Similarly, savings is abolished in saccade adaptation with a protracted washout period (Kojima et 476 

al., 2004), as well as in conditioning studies when the extinction phase involves the repeated 477 

presentation of the CS and US in an unpaired manner (Bouton et al., 2004; Frey and Butler, 478 

1977). Theoretically, in these manipulations, a reversed perturbation or decoupling of the CS-US 479 

relationship leads to the establishment of a new memory, one that produces interference when 480 

the original situation is re-encountered (Haruno et al., 2001; Jordan and Jacobs, 1994). 481 

Interference can, of course, not only abolish savings, but also produce attenuation in relearning 482 

when the irrelevant memory trace continues to contribute to performance. This idea has been 483 

extensively examined in the classical conditioning literature. For example, in fear conditioning, 484 
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attenuation is observed when there is an extended extinction period involving just the presentation 485 

of the CS alone (e.g., tone that had been associated with a foot shock) (Bouton, 1986). The 486 

reduced rate of learning observed when the CS is again paired with the US has been modeled as 487 

resulting from competition between two memories, one reflecting the paired CS-US association 488 

leading to a CR, and the other the solitary CS, associated with no response. This model nicely 489 

accounts for the fact that attenuation is especially pronounced when the extinction period is long 490 

and when the context remains unchanged (Bouton, 2002; Bouton and Swartzentruber, 1989).  491 

It remains to be seen if similar constraints are relevant to the attenuation observed in the current 492 

study. Given concerns with residual effects from the first adaptation block, we designed the 493 

studies to ensure a strong washout phase: We used a large number of veridical feedback trials in 494 

Experiment 1 and a reversed clamp, followed by veridical feedback in Experiments 2 and 2S. 495 

These manipulations would be conducive sources of interference (e.g., extended association with 496 

veridical feedback in the experimental context). We note that the multi-session study of Wilterson 497 

and Taylor (Wilterson and Taylor, 2020) did not include a washout phase, and the interference 498 

hypothesis would not seem a viable explanation for the modest attenuation observed across 499 

sessions (see Fig. 3A). However, interference here may be between the laboratory and natural 500 

motor behavior that occurs once the participant has left the lab between sessions. 501 

To this point, we have elaborated on two general models of how learning might be modulated as 502 

a function of experience: Changes in the parameters of a single memory, or an interplay between 503 

different learning processes, each having a specific set of stable parameters. A hybrid of these 504 

two approaches has been offered to explain savings in situations where neither approach is 505 

sufficient on its own (Mawase et al., 2014; Zarahn et al., 2008). For example, in an extension of 506 

the multi-rate idea, Hadjiosif and Smith (Hadjiosif and Smith, 2013) proposed that savings was 507 

restricted to the fast, labile process, with the rate of learning for this process increased upon re-508 

exposure to a perturbation.  509 
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The distinction we observed between explicit and implicit learning processes in terms of savings 510 

can also be understood from this hybrid perspective. It seems clear that explicit processes such 511 

as aiming can, and do, exhibit savings (Haith et al., 2015; Leow et al., 2020; Morehead et al., 512 

2015). While this could be modeled by postulating a faster learning rate or stronger retention rate, 513 

the underlying psychological process is likely one of memory retrieval. When re-exposed to a 514 

perturbation in a familiar context, the participant recalls a successful strategy (Morehead et al., 515 

2015). Using methods that allowed us to isolate the contribution of implicit processes revealed 516 

the opposite behavioral profile here, one of attenuation during relearning. Determining if this 517 

attenuation arises from a desensitization of an implicit process (or processes), or interference 518 

from the implicit interplay of multiple memories remains a question for future study. 519 

 520 

Methods 521 

Ethics Statement 522 

The study was approved by the Institutional Review Board at the University of California, 523 

Berkeley. All participants provided written informed consent to participate in the study. 524 

Participants 525 

104 healthy volunteers (aged 18-40 years; 64 females) were tested, 24 in Experiment 1, 32 in 526 

Experiment 2, and 48 in Experiment 2S. In Experiments 1 and 2, all participants were right-527 

handed, as verified with the Edinburgh Handedness Inventory (Oldfield, 1971). The participants 528 

in Experiment 2S did not complete a handedness inventory, but 42 of them self-reported being 529 

right-handed, 4 left-handed and 2 ambidextrous. The sample size for each experiment was set to 530 

include ~30% more participants than the minimum required to ensure good statistical power, and 531 

appropriate counter-balancing of the perturbation direction and target location sets (details 532 

provided in the protocol for each experiment).  533 
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Experimental setup and task 534 

The participant sat at a custom-made table that housed a horizontally mounted LCD screen (53.2 535 

cm by 30 cm, ASUS), positioned 27 cm above a digitizing tablet (49.3 cm by 32.7 cm, Intuos 4XL; 536 

Wacom, Vancouver, WA). Stimuli were displayed on the LCD screen. The experimental software 537 

was custom written in Matlab [The MathWorks, Natick, MA], using the Psychtoolbox extensions 538 

(Brainard, 1997). 539 

The participant performed center-out movements by sliding a modified air hockey paddle 540 

containing an embedded digitizing stylus across the tablet. The tablet recorded the position of the 541 

stylus at 200 Hz. The monitor occluded direct vision of the hand, and the room lights were 542 

extinguished to minimize peripheral vision of the arm.  543 

At the beginning of each trial, a white circle (0.5 cm diameter) appeared on the center of the 544 

screen, indicating the start location. The participant moved her hand (holding the stylus) to the 545 

start location. Feedback of hand position was indicated by a white cursor (0.3 cm diameter), and 546 

only provided when the hand was within 1 cm of the start location. There was a ~33 ms delay 547 

between the sampling of the tablet and update of the cursor position based on that sample. After 548 

the hand position was maintained in the start location for 500 ms, a colored target (0.5 cm 549 

diameter circle) appeared at one of four locations around a virtual circle, with a radial distance of 550 

8 cm from the start location. Within each experimental group, the target locations were in a 551 

diagonal layout, at 45° (0° being the positive edge of the abscissa), 135°, 225°, 335° for half of 552 

the participants and in an oblique layout, at 20°, 110°, 200°, 290° for the other half of the 553 

participants.  554 

The participant was instructed to rapidly move her hand following the presentation of the target, 555 

attempting to slice through the target with either the hand or cursor (depending on the specific 556 

experimental protocol). Movement time was calculated as the interval between the time at which 557 
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the amplitude of the movement exceeded 1 cm from the start location to the time at which the 558 

amplitude reached a radial distance of 8 cm, the target distance. To encourage the participants 559 

to move fast, the auditory message “too slow” was played if the movement time exceeded 300 560 

ms. Participants had little difficulty meeting this criterion, with an overall mean movement time 561 

across the two experiments of 132±4.16 (± standard error of the mean, SEM). After moving to the 562 

target, the participant moved back to the start location. The overall mean time required to return 563 

to the start position was 1.69±0.05 s. 564 

Experimental protocol 565 

The primary goal of the study was to evaluate changes in implicit adaptation upon relearning. 566 

Thus, the general design in each experiment incorporated two learning blocks that were 567 

separated by a long washout block.  568 

Experiment 1 569 

24 participants were tested in Experiment 1. The target number of participants was determined 570 

based on the effect size (d=0.67) observed for savings in a previous study that used a similar 571 

protocol (Morehead et al., 2015), with a significance level of α=0.05 and power of 0.8. This 572 

analysis yielded a minimum sample size of 16 participants. The tested number was increased 573 

given a criterion to increase the sample size by at least 30% above the minimum and counter-574 

balancing considerations.  575 

The experimental session consisted of 180 movement cycles, each involving four movements, 576 

one to each target. As mentioned above, the targets were positioned either in a diagonal or 577 

oblique layout. A diagonal layout is commonly used in visuomotor rotation studies (e.g., Krakauer 578 

et al., 2000; Taylor et al., 2014). However, we were concerned that a 4-target diagonal layout 579 

might be conducive for finding an optimal aiming solution to counteract a 45° rotation (see below) 580 
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since these would require movements along the cardinal directions (in the absence of implicit 581 

adaptation). For this reason, we opted to use an oblique layout for half of the participants.  582 

The session was divided into the following blocks (Fig. 1B): No Feedback Baseline (10 cycles), 583 

Veridical Feedback Baseline (10 cycles), Learning 1 (50 cycles), Aftereffect 1 (10 cycles), 584 

Washout (40 cycles), Learning 2 (50 cycles) and Aftereffect 2 (10 cycles). The initial baseline 585 

blocks were included to familiarize the participants with the experimental setup. In these trials, 586 

participants were instructed to move their hand directly to a blue target. Veridical feedback was 587 

provided in the second baseline block to minimize idiosyncratic reaching biases.  588 

Two types of trials were randomly interleaved during the learning blocks: Rotation and Probe 589 

trials. For the Rotation trials (40 cycles per block), the position of the cursor was rotated by 45° 590 

with respect to the position of the hand. We chose a rotation size of 45° because adaptation to a 591 

perturbation of this size reliably produces savings upon relearning (Morehead et al., 2015; Zarahn 592 

et al., 2008). The direction of the rotation (clockwise or counterclockwise) was fixed for a given 593 

participant and counterbalanced across participants. On Rotation trials, the color of the target was 594 

red, providing a cue that the cursor position would be perturbed. At the start of the block, the 595 

participant was instructed that a red target signified that the cursor “will act differently”, and that 596 

their goal was to make the cursor hit the target.  597 

For the Probe trials (10 cycles per block), the color of the target was blue. The participant was 598 

instructed that the cursor would not be visible on these trials and that their goal was different: Now 599 

they were to reach directly to the blue target, discontinuing any strategy they might have adopted 600 

when reaching to the red targets. To emphasize these instructions, the message “Move your hand 601 

to the target” appeared simultaneously with the blue target. The position of the instruction was 602 

either above or below the center of the screen, selected on each trial to be closest to the target 603 

(above for targets between 0°-180° and below for targets between 180°-360°).  604 
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To minimize possible effects related to switching between the two types of trials, the participants 605 

were informed that, while they could initiate the reach at any time after the onset of the target, 606 

they should take their time to comply with the instructions/goal associated with each target color. 607 

After cycles 40 and 130, the midpoints of the learning blocks, the participant was provided with a 608 

1-minute break. 609 

To provide another measure of implicit adaptation, following each of the learning blocks, we 610 

included aftereffect blocks (1 and 2) in which the feedback was eliminated in all trials. Just before 611 

the start of the aftereffect block, the participant was informed that the cursor would no longer be 612 

visible and that the task was to move her hand directly to the target. There was no additional 613 

break prior to the start of the aftereffect block, minimizing the time for learning to decay.  614 

The washout block was introduced following the first aftereffect block and a 2-minute rest period. 615 

During this block, the participant was instructed to reach directly to the target and veridical 616 

feedback was provided on each trial with the aim of bringing the sensorimotor map back to a 617 

baseline state. The minimal number of washout cycles (40) was set to be the same number as 618 

that used during the learning block and should be sufficient to ensure full unlearning (Morehead 619 

et al., 2015). We included three 1-minute breaks during the block to verify that the effects of 620 

implicit adaptation were completely washed out by the beginning of the second learning block. 621 

These probes have been shown to be useful in revealing residual effects of adaptation, manifest 622 

as transient increases in hand angle after the break (Vandevoorde and Orban de Xivry, 2019).  623 

Experiment 2 624 

Participants in Experiment 2 were assigned to either the Test (N=16) or Control (N=16) condition. 625 

The target number of participants was determined based on the effect size (d=0.70) of the 626 

attenuation effect observed in the aftereffect data in Experiment 1. This analysis yielded a 627 

minimum sample size of 12 participants, with the actual number tested based on the criterion to 628 
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increase the sample size by at least 30% above the minimum and counter-balancing 629 

considerations. 630 

The experimental session consisted of 300 movement cycles of four movements (to four target 631 

locations, see above). For the Test group, the session was divided into the following blocks (Fig. 632 

2B): No Feedback Baseline (10 cycles), Veridical Feedback Baseline (10 cycles), Clamp 1 (100 633 

cycles), Aftereffect 1 (10 cycles), Washout (60 cycles), Clamp 2 (100 cycles), and Aftereffect 2 634 

(10 cycles).  635 

To isolate implicit adaptation, we used task-irrelevant clamped feedback in the Clamp blocks. 636 

Here the cursor moved in a fixed path, displaced 15° from the target (clockwise or 637 

counterclockwise, fixed for each participant and counterbalanced). The radial position of the 638 

feedback cursor corresponded to the participant’s hand, but the angular position of the cursor was 639 

invariant, independent of the participant’s reaching direction. The participant was instructed to 640 

ignore the feedback and always reach directly to the target. To make this salient, two 641 

demonstration trials were performed prior to each clamp block. On each demonstration trial, the 642 

target appeared at the 78° location. For the first trial, the participant was told to “Reach straight to 643 

the left” (180 ); for the second trial, the participant was told to “Reach backwards towards your 644 

body” (270 ). On both trials, the cursor trajectory was clamped, following the same 15  path off 645 

from the target that the participant would experience throughout the Clamp blocks. The clamped 646 

feedback offset of 15° falls within the range of error sizes that induce an invariant rate and 647 

magnitude of adaptation (~6°- 60°, Kim et al., 2018).  648 

Aftereffect blocks with no feedback were introduced immediately following each of the Clamp 649 

blocks. The participant was informed before each block that the cursor would not be visible and 650 

was instructed again to move directly to the target. 651 
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Rather than using veridical feedback in the washout block (as in Experiment 1), we adopted a 652 

different procedure to eliminate the effects of adaptation in Experiment 2. The introduction of 653 

veridical feedback after the conclusion of the first clamp block would result in a relatively large 654 

discrepancy between the expected and observed feedback, assuming adaption has occurred. We 655 

were concerned that this would make participants aware of the change in behavior, and that this 656 

might alter their response to the clamped feedback in the second clamp block (e.g., invoke a 657 

strategy to offset the anticipated effects of adaptation). To minimize awareness of adaptation, the 658 

washout block consisted of two phases. In the first phase, we reversed the direction of the clamp. 659 

The participant was informed that she would again not have control over the movement direction 660 

of the feedback, and reminded to ignore the feedback, aiming directly for the target. This 661 

manipulation induced a reversal in adaptation, and thus drove the direction of the hand back 662 

towards the target. When the median reach direction was within 5° of the target for six consecutive 663 

cycles, the second phase was implemented. Here the feedback became veridical. Given that the 664 

total number of washout cycles was fixed, the number of cycles in each phase was determined 665 

on an individual basis using the performance criterion described above. All of the participants in 666 

the Test group experienced at least 30 cycles (37.3±1.62) of veridical feedback before the second 667 

clamp block, ensuring they had sufficient exposure to unperturbed feedback prior to the onset of 668 

the second learning block. Demonstration trials were provided at the start of each phase of the 669 

washout block, two for the reversed clamp and two for veridical feedback. The demonstration 670 

trials were similar to those presented before the clamp blocks (same target location and same 671 

instructions for where to reach). The provided feedback was matched to feedback in the 672 

subsequent phase (reversed clamp/veridical). Note that the demonstration trials for the veridical 673 

feedback phase appeared in the transition between the phases, when the participant already 674 

reached close to the targets.  675 
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The Control group was included to provide a between-group comparison to the performance of 676 

the Test group during the second clamp block. For the Control group, the session was divided 677 

into the following blocks (Fig. 2B): No Feedback Baseline (10 cycles), Veridical Feedback 678 

Baseline (10 cycles), extended Clamp (270 cycles), and No Feedback Aftereffect (10 cycles). The 679 

two demonstration trials were presented at the start of the clamp block. 680 

Breaks were included throughout the experiment similar to those included in Experiment 1. They 681 

were provided for both groups at the following stages corresponding to the experimental protocol 682 

of the Test group: the middle of each clamp block (after cycles 70 and 240, 1 min), just before the 683 

start of the washout block (cycle 130, 2 min), and at three time points (1 min) in the washout block 684 

(cycles 167, 174 and 181). 685 

At the end of experiment, participants completed a short survey. To verify that the participants 686 

understood the task and followed the instructions, we asked: “Did you ever try to reach your hand 687 

to places other than the target?” To evaluate the awareness of the participants about the change 688 

in behavior, we asked: “Do you think you changed your behavior at all during the experiment?” 689 

Experiment 2S 690 

Experiment 2S was conducted to provide a replication test of the results obtained with the Test 691 

group in Experiment 2. We used an online platform created within the lab for conducting 692 

sensorimotor learning studies (Jonathan S. Tsay et al., 2020a). Participants (N=48) were recruited 693 

using the crowdsourcing website Prolific (www.prolific.co). Since participants performed the 694 

experiment remotely with their personal computer, the test apparatus varied across participants. 695 

Based on self-report data, 29 participants used an optical mouse and 19 used a trackpad. Monitor 696 

sizes varied between 11-27 inches. Based on power calculations from the aftereffect data in 697 

Experiment 2, a minimum sample size of 9 would be required (d=0.94). However, given the results 698 
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from pilot work indicating that online data would be more variable and show a lower asymptotic 699 

level of adaptation, we opted to use a large sample size.  700 

The experimental design was similar to that used for the Test group in Experiment 2 with a few 701 

minor modifications. First, the two Clamp blocks consisted of 80 cycles each, and the washout 702 

block (individually determined combination of reversed-clamp and veridical feedback trials) was 703 

extended to a total of 80 cycles. Second, we did not program in any breaks. 704 

Data analysis 705 

The kinematic data recorded from the digitizing tablet were analyzed offline using custom-written 706 

MATLAB code. The primary dependent variable was the direction of hand movement (hand 707 

angle). For each trial, we identified the position of the hand-held stylus when the movement 708 

amplitude was equal or larger than the radial distance to the target (8 cm). Hand angle was 709 

defined as the angle formed by a line connecting this point with the movement origin (the center 710 

of the start location), and a line connecting the target position with the movement origin. For 711 

participants who experienced a counterclockwise perturbation (rotation or clamp), the sign of the 712 

hand angle was flipped. In this manner, a positive hand angle indicates movement in the opposite 713 

direction of the perturbed feedback, the expected change due to adaptation. The mean hand 714 

angle for each movement cycle was calculated by averaging the hand angle of four consecutive 715 

reaches (one reach to each of the four different target locations).  716 

In all three experiments (Exps. 1, 2, and 2S), we observed no reliable differences on the measures 717 

of relearning between sub-groups experiencing a clockwise or counter-clockwise rotation and 718 

between sub-groups reaching to targets positioned along the diagonal layout or oblique layout. 719 

As such, we collapsed the data across the sub-groups.  720 

For Experiments 1 and 2, all trials were included in the analysis (with one exception, noted below). 721 

We opted to not take any steps to exclude outliers given that participants in Experiment 1 722 
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frequently exhibit high levels of exploration after experiencing a large perturbation when instructed 723 

to focus on making the cursor hit the target. As such, we anticipated that there would be large 724 

trial-by-trial variability during the Rotation trials, at least in the first learning block, making it difficult 725 

to define, a priori, criteria for outlier removal. For consistency, we opted to also use all of the data 726 

in Experiment 2, although participants do not exhibit exploratory behavior in response to clamped 727 

feedback. We note that none of the statistical analyses were changed if repeated after exclusion 728 

of outliers (0.6% of all trials). Due to the randomization algorithm in the presentation of the Probe 729 

trials in Experiment 1, the first trial in the first (but not the second) learning block was a Probe 730 

trial. Since it was presented before any Rotation trials, the data from this trial were not included 731 

in the analysis. 732 

We applied an outlier removal algorithm in Experiment 2S since a preliminary review of the data 733 

indicating some large deviations from the target, likely indicative of lapses of attention during the 734 

extended unsupervised testing session. We excluded trials in which the hand angle deviated from 735 

the target location by more than 100° and trials in which the absolute trial-to-trial change in hand 736 

angle was larger than 20°. Based on these criteria, a total of 1.8% of all trials were excluded. 737 

The following measures of learning were calculated: Early learning, Late learning and Aftereffect. 738 

Separate measures were calculated for the Rotation and Probe data in each learning block of 739 

Experiment 1, and for the data in each of the two clamp blocks of Experiment 2 (only one block 740 

for the Control group). For Rotation trials in Experiment 1 and Clamp trials in Experiment 2, Early 741 

learning and Late learning were defined as the mean hand angle over cycles 3–7 and the last ten 742 

cycles of each learning block, respectively (Figs. 1B, 2C). Note that in Experiment 1, there is one 743 

cycle of Probe trials for every four cycles of Rotations trials. Thus, to examine learning within 744 

similar time windows for the Rotation and Probe trials, Early learning for the Probe trials was 745 

based on cycles 1-2 and Late learning was based on the last two cycles (cycles 9-10) in each 746 
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learning block. Aftereffect was defined as the mean hand angle over the first cycle of the no-747 

feedback aftereffect block. 748 

Movement time was calculated as the interval between the time at which the amplitude of the 749 

movement exceeded 1 cm from the start location to the time at which the amplitude reached the 750 

radial distance of the target. Although not emphasized in the instructions, reaction time was 751 

calculated as the interval between the appearance of the target and the time that the hand position 752 

exceeded a distance of 1 cm from the start location. Total trial time was calculated as the sum of 753 

reaction time, movement time and inter-trial interval, measured as the time required to move back 754 

to the start location. For each participant, we calculated the median of each measure over all trials 755 

in a given cycle (for trial time analysis), a given learning condition/block (for reaction time 756 

analysis), or over all the trials in the experiment (for analysis of movement time). 757 

Statistical analysis 758 

Two statistical approaches were used to analyze the changes in hand angle that occurred in 759 

response to the feedback perturbations. The first was based on an approach frequently adopted 760 

in the sensorimotor adaptation literature (e.g., Leow et al., 2012; Taylor et al., 2014; Wong et al., 761 

2019), focusing on pre-defined cycles to examine different phases of learning (early, late, 762 

aftereffect). To examine changes in behavior within each of the two learnings blocks and between 763 

the two blocks, we used a two-way repeated measures ANOVA, with two within-participant 764 

factors, Stage (Early and Late) and Block (Learning 1 and Learning 2). Given our focus on the 765 

between block changes (e.g., savings), we included planned comparisons, using paired-sample 766 

t tests to analyze the changes between blocks 1 and 2. We also used an independent two-sample, 767 

between-participant t test to compare the Control and Test groups. Two-tailed t tests were used 768 

in all of these analyses, with the statistical significance threshold set at the p<0.05. For all of the 769 

t tests, we report the Bayes factor BF10, the ratio of the likelihood of the alternative hypothesis 770 

(H1) over the null hypothesis (H0) (Kass and Raftery, 1995) and the Cohen’s d effect size (Cohen, 771 
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2013). For the repeated-measures ANOVA, the effect size is reported using partial eta-squared 772 

(ηp
2). All of the measurements met the assumption of normality based on the Lilliefors test 773 

(Lilliefors, 1967). 774 

Although defined a priori based on previous studies, specifying a subset of the cycles as of 775 

principle interest is somewhat arbitrary, and ignores much of the data. The second statistical 776 

approach was chosen to avoid these concerns. Here we opted to use a nonparametric 777 

permutation test (Maris and Oostenveld, 2007) that is widely employed in the analysis of 778 

multivariate data in which there are autocorrelations between sequential data points (e.g., as with 779 

EEG data, see Arnal et al., 2015; Fell et al., 2011). This “cluster analysis” approach seems well-780 

suited for the continuous and autocorrelated nature of the data obtained in studies of sensorimotor 781 

adaptation. We used this test to identify clusters of cycles in which the hand angle differed 782 

between the two Learning blocks and Aftereffect blocks. Two-tailed paired-sample t tests were 783 

performed for each cycle within the blocks of interest. We then defined consecutive cycles in 784 

which the difference was significant (p<0.05) as a ‘cluster’, and calculated for each cluster, the 785 

sum of the t-values that were obtained for the cycles in that cluster (referred to as a t-sum statistic). 786 

A null distribution of the t-sum statistic was constructed by performing 10,000 random 787 

permutations with the data: For each permutation, the data for a given participant was randomly 788 

assigned to “block 1” or “block 2”. For each permuted data set, we performed the same cluster-789 

identification procedure as was done with the actual data and calculated the t-sum statistic for 790 

each cluster. In cases where several clusters were found for a given null set permutation, we 791 

recorded the t-sum statistic of the cluster with the largest t-sum value. Thus, the generated null 792 

distribution is composed of the maximal t-sum values achieved by chance, a method that controls 793 

for the multiple comparisons involved in this analysis (Maris and Oostenveld, 2007). Each of the 794 

clusters identified in the non-permuted data were considered statistically significant only if its t-795 

sum was larger than 95% of the t-sums in the null distribution, corresponding to a p-value of 0.05. 796 
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In Experiment 2, a between-subject cluster analysis was used to compare, in separate analyses, 797 

the aftereffect data from the Control group with the aftereffect data obtained from the Test group 798 

after Clamp 1 or Clamp 2 (using independent two-sample t tests). 799 

To examine within-participant changes in reaction time between the two learning blocks, paired-800 

sample t tests were used. 801 

Effect size analysis of prior studies 802 

For the review of previous work, we identified nine papers that included conditions to provide a 803 

test of the attenuation phenomenon. Some reported multiple experiments, bringing the final total 804 

to 13 experiments. Although these experiments entail a broad range of methods, we calculated 805 

the effect size for the contrast of interest to put the results in a common context. For studies that 806 

directly compared adaptation measures between the sessions, we calculated Cohen’s d from the 807 

reported comparisons. For the other studies, we obtained the data from the authors, performed 808 

the relevant analysis, and then computed Cohen’s d.  809 

Based on the design used in these studies, we classified an analysis as either early, late, 810 

aftereffect and/or learning rate (see Figure 3) using criteria reported in the study or selected to 811 

approximate the manner in which these phases were defined in the present study. The specific 812 

criteria were: 813 

‘Limited preparation time’ paradigm (Haith et al., 2015): Early learning only, comparing the first 5 814 

trials of the perturbation phase relative to the last 5 trials of a baseline phase.  815 

‘Aiming subtraction’ (Morehead et al., 2015; Wilterson and Taylor, 2020; Yin and Wei, 2020) and 816 

‘No performance error’ (Leow et al., 2020) paradigms: Early and Late learning, defined as the 817 

mean hand angle over trials/cycles 3–7 and the last ten trials or cycles of the of each learning 818 

block, respectively. 819 
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‘Implicit probing’ paradigm (Morehead et al., 2015; Huberdeau et al., 2019; Vandevoorde and 820 

Orban de Xivry, 2019): Early and Late learning, based on the first and last two trials or cycles of 821 

each learning block, respectively. 822 

‘Gradual’ paradigm (Stark-Inbar et al., 2016; Jonathan S. Tsay et al., 2020c): Learning rate based 823 

on model-based estimate of learning (Thoroughman and Shadmehr, 2000), calculated across the 824 

entire block. This measure reflects the proportional trial-by-trial change in hand angle with respect 825 

to the experienced error. The Aftereffect (only for Tsay et al.), defined as the mean hand angle 826 

over the first cycle of a no-feedback aftereffect block. 827 
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Figure captions 1065 

Figure 1. Experiment 1: Upon relearning a visuomotor rotation, explicit strategies show 1066 

savings while implicit adaptation is attenuated. 1067 

(A) Task-level schematics of all trial types. (B) Time course of mean hand angle averaged over 1068 

cycles (4 movements) when participants (N=24) were asked to aim for the target (blue), either 1069 

during No Feedback blocks (No FB Baseline and Aftereffect, gray background), Veridical 1070 

Feedback blocks (FB Baseline and Washout), or no feedback Probe trials, and when asked to 1071 

compensate for a rotated cursor (Rotation, pink). Light and dark colors signify blocks 1 and 2 of 1072 

the experiment. Dotted vertical lines denote one (thin) and two (thick) min breaks. The labels 1073 

‘Early’ and ‘Late’ mark the cycles used for operationalizing measures of early and late learning. 1074 

(C, D) To highlight changes across blocks, overlaid hand angle functions of blocks 1 and 2 for 1075 

overall learning (explicit and implicit, Rotation trials, C) and implicit adaptation (Baseline, Probe 1076 

and Aftereffect trials, D). Horizontal thick black lines mark clusters of cycles that show significant 1077 

difference between the blocks with p<0.05 probability. Cycle numbers in both C and D correspond 1078 

to the cycles of the Rotation trials. (E-I) Summary analysis of Early learning (E, G) and Late 1079 

learning (F, H) for the Rotation (E, F) and Probe (G, H) conditions, and of the aftereffects (I). Left 1080 

pair of bars show the mean across participants for each block, and right bar shows the mean of 1081 

the within-participant differences (Block 2 – Block 1). Black dots indicate individual difference 1082 

scores. For all figure panels, shaded margins and black vertical lines represent standard error of 1083 

the mean (SEM). 1084 

 1085 

Figure 2. Experiment 2: Task-irrelevant clamped feedback revealed an overall attenuation 1086 

of implicit adaptation upon relearning. 1087 
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(A) Task-level schematics of all trial types. (B) Experimental protocol of two experimental groups: 1088 

Test (N=16, green) and Control (N=16, purple). For the Test group, the green oblique lines in the 1089 

Washout block represent a transition from a reversed-clamp phase to a veridical feedback phase; 1090 

the cycle of the transition was determined based on each individual’s performance in the 1091 

reversed-clamp phase (see Methods). (C) Time courses of mean hand angle averaged over 1092 

cycles (4 movements) for both groups. For the Test group, light and dark green colors signify 1093 

blocks 1 and 2 of the experiment, with the onset of the task-irrelevant clamped feedback marked 1094 

by the vertical solid lines. Dotted vertical lines denote one (thin) and two (thick) min breaks. The 1095 

labels ‘Early’ and ‘Late’ mark the cycles used for operationalizing measures of early and late 1096 

learning. (D) Overlaid hand angle functions for the two blocks. Horizontal thick black lines denote 1097 

clusters that show a significant difference between blocks 1 and 2 (p<0.05). (E-H) Summary 1098 

analysis of Early learning (E), Late learning (F) and Aftereffect (G) stages for the Test group, and 1099 

Late learning for the Control group (H). Left pair of bars show the mean across participants for 1100 

each block, and right bar shows the mean of the within participant differences Block 2 – Block 1. 1101 

Black dots indicate individual difference scores. (I) Summary analysis comparing the Aftereffect 1102 

between the groups in the last No FB block. Black dots represent data of individual participants. 1103 

(J) Overlaid hand angle functions for the Aftereffect block of the Control group and the Aftereffect 1104 

1 (left panel) or Aftereffect 2 (right panel) of the Test group. For all figure panels, shaded margins 1105 

and black vertical lines represent standard error of the mean (SEM). 1106 

 1107 

Figure 3. Prior evidence for attenuation upon relearning for implicit visuomotor adaptation.  1108 

(A) Cohen’s d effect size of the differences in learning measures between the second and first 1109 

learning blocks for experiments meeting our criterion for inclusion in the review of the literature. 1110 

Early learning (green circles), Late learning (blue triangles), Aftereffect (purple squares) and 1111 

Learning rate (dark purple stars). (B, C) Overlaid hand angle functions of implicit adaptation to a 1112 
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visuomotor rotation over two learning blocks separated by a washout phase (not shown). Light 1113 

and dark colors denote blocks 1 and 2 of the experiment, respectively. Shaded margins represent 1114 

the SEM. In B, implicit adaptation was extracted by subtracting a reported aiming location from 1115 

movement hand angle on every trial. Adapted with permission from Yin and Wei, 2020. In C, 1116 

implicit adaptive response to the rotated cursor when the target jumps in a manner that eliminates 1117 

task error. Adapted with permission from Leow et al., 2020. (D) Learning rate during adaptation 1118 

to a gradually changing visuomotor rotation, tested on two days. Pink markers represent individual 1119 

participants. Black diagonal dotted line represents the unity line. Bars and black vertical lines 1120 

(inset) represent mean and SEM, respectively. Adapted with permission from Stark-Inbar et al., 1121 

2016. 1122 

 1123 

Figure S1. Experiment 1: Strategy switching between Rotation and Probe trials 1124 

Hand angle for each trial in Rotation-Probe-Rotation triplets, highlighting the switching behavior 1125 

for each participant (grey lines) between the Rotation (pink dots) and Probe trials (blue dots). The 1126 

horizontal dashed grey line represents full compensation for 45° visuomotor rotation. The data 1127 

are shown for early and late stages of the two learning blocks. The mean values (squares) 1128 

increase from early to late, and within the early phase, between the first and second block on 1129 

Rotation trials, indicative of overall learning and savings, respectively. 1130 

 1131 

Figure S2. Experiment 2S: Replication study using an online crowdsourcing platform. 1132 

(A) Time course of participants’ (N=48) mean hand angle averaged over cycles, showing robust 1133 

adaptation to the task-irrelevant clamped feedback (onset marked by the vertical lines) in blocks 1134 

1 (light green) and 2 (dark green) (Early-Late Stage main effect: F(1,47)=90.8, p<0.001, ηp
2=0.66). 1135 

(B) Overlaid hand angle functions for the two blocks, showing attenuation in multiple clusters 1136 
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throughout the learning and aftereffect blocks (p<0.05). While the effect of Block was not 1137 

significant (F(1,47)=1.09, p=0.302, ηp
2=0.02), there was a significant Stage x Block interaction 1138 

effect (F(1,47)=4.99, p=0.030, ηp
2=0.10). (C-D) The interaction reflects the finding that there was 1139 

a significant attenuation in the Late stage (-1.57°±0.74°, t(47)=-2.14, p=0.038, BF10=1.25, d=-1140 

0.31), but no difference in the Early stage (0.58°±0.61°, t(47)=0.950, p=0.347, BF10=0.240, 1141 

d=0.14). (E) Similar to the results of Experiments 1 and 2, marked attenuation was observed in 1142 

the Aftereffect stage (-3.35°±0.81°, t(47)=-4.14, p<0.001, BF10=168, d=-0.60). For panels C-E, 1143 

the left pair of bars show the mean across participants for each block, and the right bar shows the 1144 

mean of the within-participant differences Block 2 – Block 1. Black dots indicate individual 1145 

difference scores. For all figure panels, shaded margins and black vertical lines represent 1146 

standard error of the mean (SEM). 1147 
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