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Abstract

The sensorimotor system is continuously adjusted to minimize error. Current theories assume that this
adaptation process entails the operation of multiple learning systems, with a key division between implicit
and explicit components. Recent studies have revealed several inconsistencies regarding the
characteristics and constraints of the implicit system, suggesting that the current framework is incomplete.
Here, we propose that these conflicting findings can be understood by recognizing that there are multiple
implicit subcomponents, distinguished by their distinct computational goals. One well-studied component
is implicit recalibration, a process critical for action execution which uses sensory-prediction errors to
automatically refine the sensorimotor map. Here we describe a second, novel component, implicit aiming,
a process which contributes to action selection to achieve the specific goals. Through a series of studies,
we find compelling evidence that those two implicit processes show a clear separation in their temporal
stabilities and contextual modulations. These distinct properties correspond to different computational
frameworks attributing learning dynamics to either contextual inference or cancellation of competing
neural populations, respectively. Together, these findings suggest an alternative framework for

sensorimotor adaptation based on the computational goals of the system rather than phenomenology.
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Introduction

Sensorimotor adaptation continuously recalibrates the mapping between motor commands and
movement outcomes to compensate for unexpected errors induced by external (e.g., wind direction) or
internal factors (e.g., fatigue)®. Research over the past two decades has made clear that this process can
reflect the operation of multiple processes?®. A primary distinction has been made between an explicit
component that involves the use of conscious aiming strategies and an implicit component that involves
a recalibration process which operates outside conscious awareness®’. The distinction between explicit
and implicit components is motivated by studies showing that these processes are sensitive to different
error signals, operate on distinct timescales, and, to some degree, depend on the integrity of different

neural regions®®10,

This first-level distinction does not imply that there is a unitary learning process within each branch of the
hierarchy. Indeed, various lines of evidence suggest that there may be multiple forms of explicit'**? and
implicit learning®. For example, recent work has revealed that an explicit strategy can be implemented
by an algorithmic process or retrieved from memory, each yielding different capacities and constraints®.
Likewise, implicit learning has also been shown to entail several distinct processes. First, implicit learning
seems to operate on (at least) two different time scales, one that is fast and volatile, and another that is
relatively slower and stable'*!4, Second, while sensory prediction errors were originally considered to be

8

the sole driver of implicit learning*®®, emerging evidence suggests that task-level performance, and

potentially reward, may also modulate implicit learning?>*’. Third, future actions are implicitly biased

k 18-20

toward recently performed actions, regardless of error-related feedbac , a form of learning that has

been attributed to an implicit Hebbian-like, use-dependent process.

While these features suggest potential subdivisions within the domain of implicit learning, several
inconsistent findings have complicated attempts to characterize these processes and neatly
accommodate them within the explicit-implicit dichotomy. For example, in visuomotor rotation tasks in
which participants are unaware of the perturbation, implicit learning decays by 50% following just a one-
minute break 3%, In contrast, implicit learning, when elicited in response to task irrelevant feedback
appears to remain stable over time, with minimal decay observed even over many days??2. Similar
inconsistencies are observed concerning the influence of contextual factors on implicit learning. When

explicit contributions to learning are eliminated, contextual effects such as savings or spontaneous
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t 23,24;

recovery are absen in contrast, savings is observed when explicit processes are suppressed through

a forced-response-time paradigm*%.

While these observations point to the need for a more complex hierarchy of the processes contributing
to sensorimotor adaptation, it is useful to consider an alternative taxonomic organization. Rather than
start from phenomenology, we propose that the primary division should be based on the computational
goals of the system. In particular, we propose an initial division between processes involved in action
selection and those involved in action execution (Fig. 1). The former would include processes involved in
identifying the optimal action to achieve a goal; the latter would be processes involved in ensuring the

precise implementation of the chosen action.

By this taxonomy, action execution might be intrinsically implicit, encapsulated from the output of explicit
processes (Fig. 1). For example, implicit recalibration responds in an obligatory manner to adjust the
sensorimotor mapping based on sensory prediction errors even when its operation is sub-optimal in terms
of achieving task success?®?’. Similarly, the bias to repeat a motor command that underlies implicit use-
dependent learning imposes biases towards recently executed movements even when the target location

has changed %%,

In contrast, action selection may reflect the operation of both explicit and implicit processes. Clearly the
utilization of a strategy can be intentional and explicit; for example, the participant might make a
conscious decision to modify an action plan to counteract a perturbation. But there is also evidence to
suggest that action selection can be influenced by unintentional and implicit processes. For example, there
may be unconscious contributions to aiming dependent on recent history®. Indeed, a large body of work
has shown how habits influence choice behavior outside conscious control?®>3!, a manifestation of use-
dependent learning at the selection level. Moreover, previous studies demonstrated that when
participants adjusted their aiming direction without awareness in response to a shifting reward

landscape3?34,

In the present study, we conducted a series of experiments to explore implicit contributions to action
selection, and in particular, a process we will refer to as implicit aiming. We employed a variety of methods
to identify and characterize this process, highlighting how it is distinct from implicit recalibration. The

results show that these two forms of implicit learning differ in their temporal dynamics and sensitivity to
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93 contextual information. When considering the nature of implicit and explicit processes to action selection,
94 we hypothesize that a core difference, at least in sensorimotor adaptation tasks, may arise from a credit
95 assignment process. Explicit re-aiming is invoked when errors in performance are attributed to an external
96 perturbation; in contrast, implicit aiming is invoked when errors in performance are attributed to internal

97  motor biases or proprioceptive drift>>*.

98
99
100
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102 Fig. 1. An alternative taxonomy of sensorimotor adaptation. (A) The classic taxonomy makes a primary
103 distinction between implicit and explicit components, each of which may include multiple processes (not
104 shown). (B) In an alternative taxonomy, the top branch is defined by the computational goals. Action
105 selection includes processes that compute the action required to achieve the task goal. Action execution
106 includes processes that ensure that the selected movement is accurately implemented. The execution
107 system is hypothesized to include only implicit processes, whereas the selection system includes implicit
108  and explicit processes.

109

110

111 Results

112 Experiment 1: Implicit aiming in visuomotor adaptation

113 Exp. 1 was designed to identify an implicit process that contributes to action selection. In the main phase
114 of the experiment, participants performed a visuomotor rotation task. Feedback was limited to a cursor
115  that appeared after the movement, with the position of the cursor contingent on the position of the hand
116 and modified by the current size of the perturbation. During the rotation phase, participants were

117 instructed that their task was to hit the target with the cursor. The task was designed to measure
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118 performance when the contributions of implicit recalibration and explicit aiming were restricted. For the
119  former, we delayed the endpoint feedback by 1.5 s, a manipulation that has been shown to essentially
120 abolish implicit recalibration®8, For the latter, we increased the perturbation in a gradual manner,
121 increasing the angular perturbation by 0.5°/trial up to a maximum value of 65°. While it is likely that at
122 some point, participants become aware that the visual feedback is perturbed, the uncertainty introduced
123 by the gradual change limits the utility of a specific aiming strategy**?94°. To further increase the
124 uncertainty of the perturbation size we gradually decreased the rotation from 65° to 25° over the second
125  half of training.

126

127  To assess the contribution of an implicit component to the observed changes in behavior, we inserted
128 probe blocks (P1-P3) in which no visual feedback was provided, and participants were instructed to move
129 directly to the target” (Fig. 2A). We attribute systematic deviations in reaching direction on these trials
130 to implicit aiming. We note that, at this stage, implicit aiming could theoretically reflect use-dependent
131 learning, reward-based learning, or some other learning processes. We will address this issue in
132  subsequent experiments.

133

134  To ensure that the participants understood the instructions on probe trials, namely, to aim directly
135  towards the target, we included two manipulation checks before the main phase of the experiment. In
136 each of these, we briefly introduced a 65° rotation for 20 trials. Participants were informed about the
137 nature of the perturbation and instructed to use an aiming strategy to compensate for it. These short
138 blocks were immediately followed by probe trials. Participants successfully adapted to the 65° abrupt
139 rotation and showed minimal aftereffects (t(18)s<1.7; ps>0.1; Fig. 2A, intercept), demonstrating that they
140 were able to adopt and then suppress an aiming strategy. Given these results, we assume that the
141 participants understood the instructions to stop using explicit aiming strategies on probe trials.

142

143 During the main phase of the experiment, participants effectively adjusted their reach direction to offset
144 the gradual rotation (Fig. 2A). The change in hand angle closely mirrored the perturbation function,
145 indicating that the endpoint cursor landed near the target throughout the adaptation phase. Note that
146  this learning could include both implicit and explicit processes.

147

148  Turning to the results of primary interest, we observed a pronounced aftereffect in all three probe blocks

149 (Fig. 2B). While there was a large drop in heading angle with the onset of each of these blocks, the heading
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150  angle remained biased in the direction opposite of the target (P1: 10.0 + 2.1°, P2: 13.0 £ 3.7°; P3: 13.6 +
151 2.1°, t(18)s>3.5, ps<.002). Interestingly, the magnitude of this effect was considerably larger than the
152 aftereffects observed on the manipulation check blocks in which the probe trials were presented after an
153 abrupt perturbation (t(18)s>2.7, ps<.01). We also conducted two control experiments, confirming that
154 these aftereffects were not due to implicit recalibration or use-dependent learning (See Supplementary

155  Results 1-2).
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159 Fig. 2. Implicit aiming during sensorimotor adaptation with delayed feedback. (A) Exp. 1: The
160 perturbation schedule (transparent purple) and mean reach angle for the groups receiving contingent
161 feedback in the main experiment (red) or non-contingent, clamped feedback in the control experiment S1
162 (grey). Feedback was delayed for 1.5 s in both conditions to attenuate implicit recalibration. P1 - P3 refer
163  to the three probe blocks in which reach direction was measured in the absence of visual feedback and
164 participants were instructed to reach directly to the target. Inset shows perturbation and reach angle
165 during a baseline phase that consisted of blocks of veridical feedback, rotated feedback that was
166  introduced in an abrupt manner (70°) and two no-feedback blocks (B1 and B2). (B) Mean reach angles in
167  the three no-feedback blocks of Exp. 1. (C) lllustration depicting the credit assignment problem that arises
168 at the start of each probe block. Participants will adjust their reach angle based on their estimate of how
169 much of the change in performance was due to their use of a strategy to offset the external perturbation.
170  The aftereffect reflects implicit changes in performance that arise from internal motor biases and/or

171 proprioceptive drift. (D) Exp. 2: Time course of hand angle in Exp. 2 for group primed for the external
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172 perturbation (blue) and group primed to anticipate motor bias (yellow). For comparison, the data from
173 Exp. 1 are replotted (red). (E) Aftereffect in the three no-feedback blocks (E1-E3). Shaded areas in A, B, E
174  and error bars in C, F indicate standard error.

175

176 Experiment 2: Implicit aiming arises from a credit assignment problem

177 Having identified a form of implicit learning distinct from implicit recalibration and use-dependent
178 learning, we next sought to characterize the source of this process. We considered three hypotheses. First,
179 implicit aiming could reflect the outcome of a process in which an explicit aiming strategy becomes
180 automatized, a type of habit formation. Second, implicit aiming may reflect a reward-based learning
181 process. Implicit shifts in reach direction are observed in response to a gradual perturbation when binary
182 feedback is provided to indicate success or failure32734, The effect of the cursor hitting or missing the target
183 during rotation training in Exp. 1 could have served as a reward signal driving an implicit reward-based
184  learning process.

185

186  Third, the aftereffects in Exp. 1 may arise from confusion created in attributing the observed error to a
187 change in the external environment or internal motor biases**. The former would correspond to the
188 participant’s estimate of the experimenter-imposed perturbation; the latter would correspond to the

4243 and proprioceptive drift

189 participant’s sense that some of the error is due to idiosyncratic motor biases
190 that occurs in the absence of vertical feedback®*4. In the probe trials, we expect they would stop
191 compensating for the former component, reducing their aim by the estimated external perturbation.
192 However, the latter should continue to be relevant with the size of the aftereffect on the probe trials
193 providing an estimate of this component. The absence of an aftereffect in the two baseline probe blocks
194 of Exp. 1 indicate that solving this credit assignment problem might be simple for a large, invariant
195 perturbation that is introduced abruptly. But it could be challenging in conditions where the perturbation
196 changes continuously. Here, participants may attribute part of the external perturbation to internal motor
197 biases, an attribution error that would be manifest as a persistent aftereffect.

198

199 To empirically evaluate these three hypotheses in Exp. 2, we manipulated the awareness of the
200 perturbation by providing different “priming” instructions to two groups prior to the onset of the gradual
201 rotation. For one group, we described the forthcoming rotation schedule in detail, including the way in

202 which the size of the perturbation was incremented in small steps until reaching a maximum value of 65°.

203  The other group was simply told that people tend to become biased in the direction of a repeated


https://doi.org/10.1101/2025.09.12.675892
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.09.12.675892; this version posted September 13, 2025. The copyright holder for this preprint
(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
available under aCC-BY-NC-ND 4.0 International license.

204 movement over time, especially when they cannot see their hand. In this way, we primed the first group
205  to attribute the error to the external perturbation (external-bias group) and primed the second group to
206 anticipate a motor bias (internal-bias group). We also removed the abrupt rotation manipulation check
207  for the internal-bias group to avoid priming those participants to attribute subsequent errors to an
208  external perturbation.

209

210  The hypotheses that explicit aiming transitions into an implicit process or that implicit aiming reflects a
211 reward-based learning process predict that the priming instructions should have no effect on the
212 aftereffect: The reward signal and the aiming direction during training are similar across the two
213 conditions. However, based on the credit assignment hypothesis, we predicted that priming would have
214 opposite effects on the two groups. The external prime should reduce the aftereffect since these
215 participants now anticipate the rotation and, thus, are more likely to be sensitive to their aiming strategy.
216 In contrast, the internal prime should result in an increase in the size of the aftereffect given that these
217 participants will assume some part of the change in heading direction is due to an internal motor bias.
218

219 Both groups of participants in Exp. 2 performed well in compensating for the gradual perturbation and
220 the learning curves closely mirrored that in Exp. 1. Moreover, both groups showed significant aftereffects
221 in the no-feedback blocks (Fig. 2E, ts>4.8, ps<.001). Consistent with the prediction of the credit assignment
222 hypothesis, the size of the aftereffect was much larger in the internal-bias group compared to the
223 external-bias group, even though both groups experienced the same gradual perturbation (F(166)=5.2,
224  p<.001, Fig. 2F). Moreover, when compared to the results of Exp. 1, priming an internal bias increased the
225 aftereffect (change from E1: 6.8 + 2.2°, t=3.1, p=.002), whereas priming an external bias decreased the
226 aftereffect (-4.4 + 2.1°, t=-2.0, p=.041). The difference between conditions was most prominent in the
227 second no-feedback block when the perturbation was at a maximum. These results are at odds with the
228 reward and habitualization hypotheses as both accounts predicted no effect of the priming instructions.
229

230 Experiment 3: Implicit aiming shows saving whereas the implicit recalibration shows anti-saving

231 Having established an implicit process that impacts action selection, we next sought to characterize its
232 dynamics in comparison to implicit recalibration, the implicit process that impacts action execution. In
233 Exp 3 we ask if implicit aiming exhibits savings, the phenomenon in which learning is facilitated upon re-
234 exposure to a previously experienced perturbation. Prior work has convincingly shown that, in standard

235  visuomotor adaptation tasks, savings is associated with the explicit component of action selection: Having
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236 discovered an appropriate aiming strategy when first encountering a perturbation, participants can
237 readily recall that strategy when the same perturbation is reintroduced after an extended washout
238 period®. In contrast, implicit recalibration does not exhibit savings. Indeed, when learning is restricted to
239  implicit recalibration with clamped feedback, savings is attenuated?**¢.

240

241 However, as noted in the Introduction, the picture is muddied when considering the results from other
242 experimental manipulations designed to isolate implicit learning. For example, savings is observed when
243 planning time — and thus explicit contributions to aiming — is minimized via a forced reaction time
244 task!*%>47 We hypothesize that this discrepancy arises because the paradigms tap into different forms of
245 implicit learning. The clamped feedback procedure isolates implicit recalibration whereas the forced
246 response time task also allows for the operation of implicit aiming. By this view, we hypothesize that
247  implicit aiming will exhibit savings.

248

249  To test this hypothesis, we used the forced response time task and compared the degree of observed
250 savings following delayed contingent feedback versus clamped non-contingent feedback. The experiment
251 consisted of two rotation blocks, each with a 30° abrupt rotation, separated by a no-feedback block to
252 assay aftereffects and a feedback block to fully wash out residual learning from the first rotation block.
253 On each trial, participants heard a countdown of four tones (separated by 500 ms) and were required to
254 initiate their movement with the final tone®. Critically, the target appeared at one of three locations 250
255 ms prior to the last tone, leaving insufficient time to implement an explicit aiming strategy">>“¢, Given
256 that learning under such conditions is primarily dependent on implicit processes, we assumed that the
257 delayed contingent feedback would isolate implicit aiming and that the clamped non-contingent feedback
258  would isolate implicit recalibration. Note, because participants are instructed to aim directly to the target
259 and ignore the cursor feedback in the clamp condition, we assume that there should not be any aiming,
260  explicit or implicit.

261

10
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264 Fig. 3. Implicit aiming shows savings, while recalibration shows anti-savings. (A) Forced RT task to
265 minimize explicit aiming. The target appears 250 ms after the third tone, and participants are instructed
266  toinitiate their movement with the fourth tone. In separate groups, we used delayed contingent feedback
267 or non-delayed clamped feedback. For the former, the rotated feedback cursor appeared 1.5 s after the
268 hand reached the target distance; for the latter, the clamped (noncontingent) feedback cursor appeared
269 as soon as the hand reached the target distance. (B—C) Average reaction times were around 220 ms and
270 were similar in the two perturbation blocks. (D) In response to the contingent rotation, participants
271 exhibited savings during relearning. The aftereffect data indicate that learning is mostly implicit aiming
272 (>10d). The gray line represents the perturbation schedule. (E) In response to clamped feedback,
273 participants exhibited attenuation during relearning. (F) Difference between the first (learning) and
274 second (re-learning) perturbation blocks. The yellow bars above and below indicate epochs in which the
275  values for their associated function are significantly different from zero.

276

277 In both conditions, reaction times averaged around 220 ms throughout the whole experiment (Fig. 3B).
278  This RT is similar to the values observed in forced RT reaching tasks with multiple targets!**>“¢, consistent
279  with the assumption that the contribution of explicit aiming was negligible. Importantly, we observed a
280 gradual change in reach angle in response to the delayed feedback (Fig. 3D), suggesting that implicit
281 aiming operates under limited RT conditions.

282

11
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283  While the learning functions in the two conditions were quite similar in response to the initial perturbation,
284 there was a marked divergence during the relearning phases. Consistent with prior work**?4, learning was
285 attenuated in the clamped feedback group. In contrast, a strong savings effect was seen in the contingent
286 feedback group. A mixed ANOVA showed a significant interaction effect between feedback type and block
287 number (p<.0001). As a post-hoc test, we employed a cluster analysis to compare learning and relearning
288  for each feedback condition. We observed significant attenuation during late training for the clamped
289  feedback group and significant savings during early training for the delayed feedback group (See Fig. 5F).

290
291

292 Experiment 4: Different temporal stability of implicit aiming and implicit recalibration

293  The temporal dynamics of implicit adaptation from a single trial has also been the focus of considerable
294 interest. One prominent hypothesis is that implicit adaptation entails two components, one that is
295  temporally volatile and the other that is temporally stable. This hypothesis builds on the observation that
296 the adaptive change in heading angle to a visuomotor rotation can be reduced by up to 50% following a
297 1-minute break!*!*. Moreover, the size of trial-by-trial change of hand angle in response to random

298  perturbation is inversely related to the inter-trial-interval®®

. Here we asked if these two components are
299  dissociable in terms of implicit aiming and implicit recalibration.

300

301 To examine the temporal dynamics of implicit aiming, we applied a delayed feedback task with three key
302 manipulations (Fig. 4A). First, we applied an abrupt 30° rotation which was then gradually decreased to
303 16° over 100 trials. This gradual reduction was included to mimic how the error signal diminishes in classic
304 visuomotor rotation tasks due to implicit recalibration. Second, we did not provide any feedback during
305  the baseline phase, introducing the 30° rotation on the first trial with cursor feedback. We reasoned that,
306 in the absence of veridical feedback, participants would be more likely to attribute the resulting error to
307  their own motor bias rather than to an external perturbation. Third, and most importantly, we inserted
308  three 1-minute breaks during the gradual rotation phase. The reduction in heading angle following these
309 breaks provides a measure of temporal volatility (Fig. 4B). To compare implicit aiming and implicit
310 recalibration, we tested a second group of participants with a similar design but used non-delayed clamp

311 feedback (Fig. 4C-D).
312

12
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315  Fig. 4. Temporal stability of implicit aiming.

316  (A) Time course of hand angle in Exp 4a (delayed task-contingent feedback). Light purple line indicates
317 perturbation schedule. Vertical dashed lines denote the three 1-min breaks. (B) Comparison of reach angle,
318 before and after the breaks. Purple dots show averages of three pre-break trials. White and gray dots
319 represent first and second post-break trials, respectively. Significant drops occurred after each break, with
320 rapid recovery (presumably due to error feedback experienced on the first post-break trial). (C-D)
321 Equivalent analyses to A-B for non-delayed clamped feedback group. (E) Reduction in hand angle for the
322  delayed, contingent feedback group (blue) and non-delayed clamped feedback group (red).

323

324 Participants showed prominent learning in both conditions. In the delayed feedback condition,
325 participants showed a rapid change in hand reach angle following the abrupt perturbation (Fig. 4A). On
326 average, heading angle adjustments matched the perturbation size after 20 trials and effectively
327 countered the declining rotation thereafter. The average heading angle in the aftereffect block was very
328  similar to late perturbation performance (Fig. 4A, t(26) = 0.8, p=0.45), suggesting that learning here was
329 almost all due to implicit aiming. We assume that absence of an initial veridical feedback block coupled
330 with the relatively small size of the perturbation eliminated an explicit aiming component. Learning was
331 slower for the clamped feedback group and reached a level that slightly surpassed the perturbation in late
332  learning.

333
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334 Our primary interest was on the behavioral change following the 1-minute breaks. In both conditions,
335 performance drops were observed after each break (Fig. 4E, all p's<0.05), the signature of a volatile
336 contribution to learning. We note that if we sum the size of drop measured in both conditions, the
337 combined drop is similar in magnitude to that observed in visuomotor rotation studies using this probe
338  technique!!. Thus, the current results suggest that there is a volatile component in both implicit aiming
339  and implicit recalibration.

340

341 Notably, however, a comparison of the two conditions revealed that the pattern of the drop across the
342  three probes differed for the two conditions (Mixed linear model, p(group x time) = 0.009). For the delayed
343 contingent feedback condition, the reduction was largest after the first break (6.3°, 36%) and decreased
344 after the other two breaks (~3° or 20%, p = 0.001). For the non-delayed clamped feedback recalibration,
345  the reduction remained relatively constant across the three probes (~5°, p=0.6). This interaction suggests
346 that the mechanisms for the post-break performance drops may differ for implicit aiming and implicit
347  recalibration.

348

349  To explore this hypothesis, we considered two computational models that have been proposed to explain
350 the dynamics of action selection and implicit recalibration. The Contextual Inference (COIN) model*
351 focuses on the dynamics of action selection by postulating that the motor system establishes unique
352 motor memories for separate contexts. For example, the baseline phase (veridical feedback) and
353 perturbation phase (rotated feedback) would define two contexts (Fig. 5A). Participants infer the current
354 context to determine which memory to express. The Cerebellar Population Coding (CPC) model* draws
355 on the physiology of the cerebellum to account for the dynamics of implicit recalibration. Of primary
356 relevance, recalibration arises from the population activity of units tuned to different directions in the
357  cerebellar cortex and deep cerebellar nuclei (DCN) (Fig. 5C)°%°. In contrast to COIN, this model does not
358 represent context; rather, learning dynamics emerge from shifts in the balance of activity among
359  populations tuned to opposing directions.

360

361 We simulated both models to evaluate their ability to explain the temporal dynamics in Exp 4. Both models
362 predict declines in the reach angle following a 1-min break (Fig. 5B, D), although the mechanisms are
363 different. In the COIN model, context uncertainty increases during the breaks given the lack of
364 environmental input®?. This leads to the expression of mixed memories post-break due to reduced

365 confidence in the active context (Fig. 5A). As such, the COIN model attributes the drop in reach angle after
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366 the break to context uncertainty rather than memory decay. The CPC model attributes the drop to
367 differential retention rates between its layers. Drawing on physiological recordings in eyeblink
368 conditioning, we assume that plasticity in the cerebellar cortex is relatively volatile characterized by fast
369 learning and forgetting.>>° In contrast, plasticity units in the DCN is relatively stable, supporting stable
370  memories (Fig. 5C).

371

372 Critically, the models differ in how the magnitude of the drop changes over the course of the experiment.
373  The COIN model predicts a strong drop in early training when the expectation of the baseline context is
374 high (Fig. 5B). As training continues, the expectation for the perturbation context increases and, thus, the
375 drop becomes smaller. This matches the pattern observed in the delayed feedback condition in which we
376 assume learning is due to implicit aiming (Fig. 4F). In contrast, the CPC model predicts a consistent drop
377 size throughout training (Fig. 5D). This is because the population dynamics within the cerebellar cortex
378 remain consistent across training due to the absence of any context representation (i.e., memory). This
379 prediction aligns with the pattern observed in the clamped feedback condition in which we assume
380 learning is due to implicit recalibration.

381

382 Notably, the two models also capture the opposing relearning effects for implicit aiming and implicit
383 recalibration observed in Exp 3. The COIN model predicts savings (Fig 5E). When the perturbation is
384 reintroduced, the system rapidly identifies the perturbation context and retrieves the associated response.
385 In contrast, the CPC model predicts anti-savings (Fig 5F). Relearning is slower due to interference from
386 residual activity in units tuned to the opposite error direction during washout (Fig. S3). This dissociation
387 is consistent with the idea that COIN provides a reasonable model of implicit aiming while CPC provides a
388 reasonable model of implicit recalibration. More generally, our simulation results highlight how implicit
389 aiming and implicit recalibration operate under distinct computational principles.

390

391 A full comparison here would require an evaluation of COIN’s ability to predict learning in response to
392 clamped feedback and the CPC’s ability to predict learning in response to delayed feedback. However,
393 COIN cannot be meaningfully simulated with clamped feedback (see Methods). The model relies on
394 inferring the context and perturbation from the relationship between the visual feedback and reach angle,
395  two variables that are entirely decoupled in the clamp condition. Nonetheless, we can simulate the CPC

396 model with delayed contingent feedback. When tested with the designs used in Exps. 3-4, the model
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397  failed to predict the observed between- and within-block features of learning in those conditions (See

398  Supplementary Result 3, Figs. S3-4).

399
A State Learning B
2 30
% ~___Context 2
S R COIN
% 0 Context 1 30/ | | |
2 _ | ! I 15
Create; Trial = 20 I | ! e
T | — | o 10
< nev cofext Context Inference E 104 :/-\“ | g
g ] | ! 1 5
; Context 2 0 | | |
g Context 1 | | | 0
g0 | 20 80 140 1T 2 3
& Context uncerntainty Trial Break #
increases
C cPC D cpC
parallel fiber 30 | I |
| | |
a 15
5 = 20 | | I/ \ —
5 ; 2 '? 'ql 210
é 2 € 10 [ | Stable 8
2 o T | | | a
: 0 T o \— 5
I I'Volatile
Motor Qutput Error . | L | . 0
Command 100 160 220 1 2 3
Trial Break #
E State Learning
< 30 COIN F cPC
E P N 30 30
§ . ! A - Learning o Learning
% - 20 - 20
Createa % %
text
H a Concf)):mtext Inference T 10 T 10
| Re-Learning
=
g Recall a context 0 | 0 d
§ 0 0 20 40 60 80 100 0 20 40 60 80 100
. Trial Cycle Cycle
400

401 Fig. 5. Distinct computational mechanisms explain implicit aiming and implicit recalibration properties
402  through COIN and CPC models respectively.

403 (A) In the COIN model, participants establish two contexts during training (baseline and perturbed contexts).
404 Reach angle reflects a weighted combination of the state estimation for each context and their current relative
405 probabilities. The COIN model predicts that context uncertainty increases during the 1-min breaks. As the

406 number of training trials increases, context uncertainty decreases as the prior for the perturbed context

407 increases. (B) As such, the drop after the 1-min break decreases across time. (C) The CPC model involves a two-
408 layer learning system (cerebellar cortex and DCN) with different retention rates. (D) In the CPC model, total
409 learning combines volatile (cortex) and stable (DCN) components. Drops after the 1-min breaks reflect

410 forgetting in the volatile layer. The magnitude of this drop remains constant throughout training given that the

411 learning and retention rates are fixed. (E) Savings during relearning is predicted by the COIN model. When the
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412 same perturbation is reintroduced, participants rapidly retrieve the learned context. (F) The CPC model

413 produces attenuation during relearning (see Fig. S3 for mechanisms).

414
Implicit Aiming Implicit Recalibration
Sensitivity to feedback delay Retained under delayed Suppressed by delayed feedback
feedback
Automaticity Requires an intention to learn | Operates without intention
Dynamics in relearning Savings in relearning Attenuation in relearning
Contextual sensitivity Modulated by context Insensitive to context
Potential computational model COIN CPC

415  Table 1: Different characteristics of implicit aiming and implicit recalibration.

416

417  Discussion

418 In the current study, we identified a novel form of implicit learning, what we refer to as implicit aiming in
419  the context of sensorimotor adaptation. Over a series of experiments and simulations, we found that, in
420 contrast to implicit recalibration, implicit aiming is less constrained by feedback delays, exhibits savings-
421 in-relearning, and follows unique temporal dynamics (See Table 1 for a summary). These characteristics
422 closely resemble those associated with explicit aiming, suggesting that they reflect features of processes
423 involved in action selection rather than action execution. These findings are consistent with our proposed
424 alternative that the taxonomy of the processes involved in sensorimotor learning should be organized
425 along computational goals associated with action selection and movement execution, rather than along
426 the phenomenological distinction between implicit and explicit processes (Fig. 1).

427

428 An implicit contribution to action selection

429 It is important to articulate what we mean by ‘implicit’ in the present work. Here we have adopted an
430 operational definition that has been employed in many studies of sensorimotor adaptation”>'*%, Namely,
431 we refer to a learning process as implicit when a consequence of its operation persists in an aftereffect
432 phase in which participants have been informed that the perturbation has been removed and are explicitly

433 instructed to reach directly towards the target. Perhaps the strongest evidence for the existence of an
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434 implicit aiming comes from Exp. 3 where we used delayed feedback to suppress implicit recalibration and
435 limited planning time to suppress explicit aiming. Despite these validated, powerful, and popular
436 techniques to suppress learning, we still observed prominent learning.

437

438 Unlike implicit recalibration, implicit aiming appears to be influenced by cognitive factors. We observed
439 no adaptation in the delayed clamp condition (Exp. 1 control), suggesting that implicit aiming only
440 operates when there is an intention to learn. Moreover, we showed that this process is clearly influenced
441 by how the task is framed (Exp. 2). Priming participants to anticipate that error is due to an external
442 perturbation decreased implicit aiming whereas priming participants to expect error from endogenous
443 movement biases increased implicit aiming. This flexibility is not observed with implicit recalibration: Here
444 we see an automatic response to sensory prediction error, even when this response is maladaptive in
445  terms of task success®°®.

446

447  The priming results provide insight into the nature of implicit aiming. We hypothesize that implicit aiming
448 arises as part of an implicit credit assignment problem. In response to the error arising from a perturbation,
449 participants may consciously adopt an aiming strategy (i.e., explicit aiming). But there is likely uncertainty
450 associated with the source of this error: How much is due to a perturbation and how much is due to
451 internal biases that have emerged over the course of learning? When instructed to stop aiming, we
452 assume that the participant can immediately nullify an aiming strategy. The residual error comprises
453 implicit aiming, the implicit change in behavior designed to nullify biases introduced by the sensorimotor
454 system. By manipulating the is credit assignment process, we were able to influence the relative
455  contribution of implicit aiming and explicit aiming.

456

457  There remain a number of open questions regarding the nature of implicit aiming. First, the degree to
458  which implicit aiming operates in parallel or in tandem with explicit aiming remains to be determined.
459 One possibility is that implicit aiming and explicit aiming might be two processes built up separately during
460 training. Alternatively, there might be one aiming process during training, with the assignment to external
461 vs. internal sources only becoming relevant when participants were asked to move directly to the target
462 in the aftereffect phase. Second, it is possible that there are multiple forms of implicit aiming, and that
463  these other forms may not arise from uncertainty in credit assignment. We observed that, when
464 preparation time was limited (Exp. 3a), learning was predominantly based on implicit aiming. Requiring

465  fast RTs should increases motor noise. As such, the system would be more likely to attribute the error to
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466 an internal source, resulting in larger implicit aiming'>*, It is also possible that action selection might
467 become automatized under the pressure of limited RT>’, making it difficult to eliminate this in the washout
468 phase. However, the time-pressure constraints in Exp3, which prevented explicit aiming, do not support
469 the hypothesis that explicit strategies automatize into implicit learning.

470

471 Distinct properties between implicit aiming and implicit recalibration

472 Having identified a signature of implicit aiming in Exps. 1 and 2, we went on to explore the features of this
473 process. The results of Exps. 3 and 4 highlighted how implicit aiming and implicit recalibration are
474 strikingly different in terms of their temporal dynamics. Importantly, these distinctions help reconcile
475  previously observed discrepancies in the literature®142224:25:46

476

477 One major controversy in the motor learning literature concerns how implicit learning processes operate
478 in a savings paradigm. Experimentally, some studies have shown that the implicit system exhibits savings,

13,23-2546 rasults that

479  whereas others have reported that relearning is actually slower than initial learning
480 were hard to reconcile if one assumes that the same implicit process is being probed in these studies. The
481 results of Exp. 3 provide a resolution to this controversy, indicating that implicit aiming exhibits savings in
482 relearning while implicit recalibration exhibits anti-savings?*. We propose that the opposing results
483 reported in previous studies reflect differing contributions from implicit aiming and implicit recalibration.
484 For instance, in studies involving small perturbations®® or limited reaction times?®, implicit aiming is likely
485  to be relevant, and thus one will find savings. In contrast, studies using clamped feedback isolate implicit
486 recalibration find anti-savings because the recalibration process is subject to interference from recent
487  experience®?,

488

489 A second controversy has centered on the temporal dynamics of implicit adaptation given evidence that
490 this form of learning exhibits both volatile and stable components. When clamped feedback is used to
491 isolate implicit recalibration, the volatile component appears to be modest, typically contributing no more
492 than ~4° of change?*?. In contrast, studies measuring implicit learning with typical rotational feedback
493 have reported that the volatile process may contribute up to 10° of learning®, at least in the early phases
494 of training. We hypothesize that the measurement of implicit learning in the latter case reflects

495 contributions from both implicit aiming and implicit recalibration. Indeed, when we measured the

496 temporal dynamics of the two implicit components separately in Exp. 4, both showed a change in hand
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497 angle after the 1-min break and their combined magnitude was close to what has been observed in
498  previous works®3.

499

500 Moreover, we propose that the reduction in hand angle after the break arises from the different
501 mechanisms associated with implicit recalibration and implicit aiming. For implicit recalibration, the drop
502 of hand angle after each 1-min break reflects decay of a volatile memory; for implicit aiming, the drop
503 stems from increased uncertainty in contextual inference rather than forgetting per se. We assume that
504 for implicit aiming, training trials have a cumulative effect to strengthen the representation of the
505 perturbed context whereas extended baseline trials strengthen the representation of the baseline context.
506 Consistent with this assumption, the magnitude of the post-break drop decreased across training (Exp. 4)
507 but increased when participants experienced a long baseline phase before training (Exp. S3). In contrast,
508 neither the length of the baseline or the training session had any influence on the stability of implicit
509 recalibration memory, suggesting the volatile component here is not due to contextual uncertainty.

510

511 New taxonomy for sensorimotor learning

512 Harkening back to the seminal studies of medial temporal lobe amnesia, taxonomies of learning have
513 tended to be organized on a phenomenological level, featuring a primary branch between explicit and
514 implicit processes**®®°, This organization has been adopted to describe the multiple learning processes
515 contributing to sensorimotor adaptation.>” Over the years, however, a number of ambiguous findings has
516 made it increasingly difficult to place their associated processes squarely under the distinct branches of
517  this explicit-implicit taxonomy. The current results offer a different organizational principle, distinguishing
518 between learning processes based on their underlying computational goals, to reconcile this problem. As
519 shown in Fig. 1, the top branch distinguishes between processes involved in action selection and processes
520 involved in action execution. The former chooses the optimal action to achieve a desired goal, whereas
521 the latter is designed to ensure that the selected movement is executed with optimal accuracy and
522  efficiency.

523

524  The key computational differences between action selection and action execution are captured by the
525 COIN and CPC models, respectively. The COIN model involves representations of multiple motor memories
526 associated with different contexts and allows for flexible switching between these memories based on

t61

527 inferred context®. This mechanism allows the action selection system to rapidly implement appropriate

528 behaviors in response to varying environmental demands; for example, switching from controlling a

20


https://doi.org/10.1101/2025.09.12.675892
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.09.12.675892; this version posted September 13, 2025. The copyright holder for this preprint
(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
available under aCC-BY-NC-ND 4.0 International license.

529 cursor with a mouse to using a trackpad. In contrast, the CPC model does not represent discrete contexts.
530 Instead, learning reflects a continuous recalibration based on the previous state. This aligns with the idea
531 that this system is designed to automatically correct for internal changes in the motor system itself (e.g.,
532  fatigue, proprioceptive drift), changes that tend to be gradual.

533

534  This new taxonomy offers a parsimonious framework that reconciles past contradictions and opens new
535 avenues for investigating the multifaceted nature of motor learning. Although we have focused on
536 sensorimotor adaptation in this paper, we believe this revised taxonomy will be applicable to motor
537 learning in general. For example, a skilled baseball pitcher will draw on their explicit knowledge of the
538 opponent’s hitting strengths and weaknesses to choose a type of pitch and desired location. However,
539  this plan may be altered by the implicit knowledge gained from past encounters with this opponent. The
540 final outcome of the encounter will also, of course, depend on how well calibrated the execution system
541 is to transform the action command into a movement. Beyond aiming and recalibration, the new
542 taxonomy can be expanded to specify the computational characteristics of other learning processes. For
543 example, habituation and reward-related learning could be attributed to action selection, while lower-
544 level processes, such as efficient coding of movement direction would fall under the action execution
545 branch. A taxonomy built upon the distinction between action selection and action execution may also
546 prove useful in considering the shift in control across cognitive and autonomous stages during skill
547  acquisition.

548

549  Method

550  Participants

551 For lab-based experiments, we recruited a total of 188 undergraduate students from the University of
552 California, Berkeley (106 female, mean age = 21.5, SD = 3.6). For web-based experiments, we recruited 91
553 participants (46 female, mean age = 28.1, SD = 4.5) from Prolific.co. We aimed to include approximately
554 20 participants per condition in the in-person experiments and around 30 participants per condition in
555  the online experiments, consistent with typical sample sizes in motor adaptation studies. All participants
556 were right-handed, as determined by their scores on the Edinburgh Handedness Inventory®* and had
557 normal or corrected-to-normal vision. Participants were compensated at a rate of $20 per hour.
558 Participant demographics for each experiment are summarized in Table S1. All experimental protocols
559  were approved by the Institutional Review Board at the University of California, Berkeley.

560
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561 Apparatus

562 Lab-based experiments: Participants performed a center-out reaching task on a digitizing tablet (Wacom
563 Co., Kazo, Japan) which recorded the position of a digitizing pen held in the hand. Stimuli were displayed
564 ona120Hz, 17-inches monitor (Planar Systems, Hillsboro, OR) mounted horizontally above the tablet and,
565  thus, occluding vision of the arm. The experiment was controlled by a Dell OptiPlex 7040 computer (Dell,
566 Round Rock, TX) running on a Windows 7 operating system (Microsoft Co., Redmond, WA) with custom
567  software coded in MATLAB (The MathWorks, Natick, MA) using Psychtoolbox extensions®.

568

569  Web-based experiments: The code was written in JavaScript and presented via Google Chrome, designed
570 to run on any laptop computer. Visual stimuli were presented on the participant’s laptop monitor and
571 movements were produced on the trackpad. Data was collected and stored using Google Firebase.

572

573  Procedure

574  Experiment 1

575 Implicit aiming task: We designed a modified version of a visuomotor rotation task to measure implicit
576 aiming. The start position (radius: 4 mm) was located at the center of the screen, and a single blue target
577  (radius: 8 mm) was positioned at 60° (0° = rightward, 90°= outward), 12 cm from the center. This target
578 location was chosen based on previous research showing that there is minimal directional bias for reaches
579  to this location (Wang et al. 2024). Participants were instructed to execute a rapid slicing movement to
580 intersect the target. Upon reaching the target distance, a tone was played to signal that they had moved
581 far enough.

582

583 In trials with cursor feedback, the cursor (radius: 3 mm) appeared 1.5 seconds after this tone. The radial
584 distance to the cursor from the center was always 12 cm, the target distance. The rule determining the
585 angular position varied across the experiment (see below). We delayed the feedback by 1.5 s to eliminate
586 implicit recalibration’*”. The cursor remained visible for 100 ms and then disappeared. In trials without
587 cursor feedback, the trial ended when the tone was played (reach distance passed the target radius). If
588  the movement duration exceeded 500 ms, an audio clip saying “Too Slow” played before the next trial.
589

590 Participants were instructed return to the start position after completing the reach. The cursor was

591 blanked during the return movement and only reappeared when the hand was within 2 cm of the center.
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592  The position of the cursor during this return phase was always veridical with hand position. After
593 maintaining at the start position for 500 ms, the blue target reappeared, prompting the next movement.
594

595  There was a total of 407 trials in Experiment 1. It began with a no-feedback baseline block (20 trials)
596 followed by a baseline block with veridical feedback (20 trials). To ensure the participants could flexibly
597 use an aiming strategy, we included two short blocks with a 65° rotation, one in the clockwise direction
598 and one in the counterclockwise directions (20 trials per block). Participants were informed of the
599 perturbation and instructed to re-aim in the opposite direction so as to make the cursor hit the target.
600 Each rotation block was followed by a no-feedback block (15 trials) and then a feedback block (10 trials).
601 Before each no-feedback block, the participant was instructed to stop aiming and move directly to the
602 target. Participants showed minimal aftereffects in these two no-feedback blocks indicating that they
603 understood the instructions and were able to rapidly terminate their use of an explicit aiming strategy.
604

605  The main part of the experiment consists of three rotation blocks in which the perturbation size was
606  gradually changed: Block 1: 0 to 25°; Block 2: 25 to 65°; Block 3: 65° back to 25°. The rate of change within
607 each block was 0.5° per trial. Each of the three blocks was followed by a no-feedback block (15 trials).
608 Prior to each of the no-feedback blocks, the instructions were repeated, informing the participants that
609 there would be no feedback cursor and that they were to reach straight to the target, dispensing with any
610 aiming strategy. These no-feedback blocks provided our assay of implicit aiming.

611

612  Experiment S1

613 Exp S1 was to verify that the 1.5 s feedback delay effectively suppresses implicit recalibration. In this
614 experiment, we used task-irrelevant clamped feedback on the perturbation trials. On these trials, the
615  feedback cursor was again displayed at the target distance after a delay of 1.5 s, but the angular position
616 was predetermined, independent of the participant’s hand position. The magnitude of the clamp matched
617  the rotation size used in Exp 1 (i.e., 65° in the pre-experiment phase and ramped in the main experiment).
618 Importantly, before each clamp-feedback block, participants were informed of the nature of the clamp
619  feedback and instructed to ignore the feedback, reaching straight toward the target.

620

621 Experiment S2

622 Exp S2 was designed to test whether the aftereffects observed in Exp 1 could be attributed to use-

623 dependent learning. The experiment began with a 60-trial no-feedback baseline block in which three
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624 targets were presented (30°, 50°, 70°). This was followed by 183 trials in which the target was always
625 presented at 50°. The feedback was veridical for the first 10 trials and then following a gradual rotation
626  for the next 173 trials, increasing linearly from 0 to 20° (0.15°/trial) before decreasing from 20° to 15°
627  (0.15°/trial). The rotation block was followed by a short no-feedback block (5 trials), again with the target
628 always at 50° target. The final block was composed of 40 no-feedback trials with targets 30° and 70° (20
629 trials/target) to assess generalization.

630

631 Experiment 2

632 Experiment 2 tested the hypothesis that implicit aiming arises from a credit assignment problem between
633 errors attributed to external environmental changes or internal motor bias/drift. To this end, we used the
634 basic design of Experiment 1, but manipulated the instructions across groups. We primed participants in
635 the external bias condition to attribute the error to an external perturbation with the following
636 instructions: “We will gradually introduce a rotational perturbation in the next session. Specifically, the
637 rotation will change roughly 0.5° after each movement, increasing from 0° to 75°. After that, the rotation
638  will decrease from 75° to 25°. Please adjust your movement accordingly to make the white dot appear on
639  the target.”

640

641 For the participants in the internal bias condition, we provided the following instructions prior to the start
642 of the gradual rotation block: “The cursor may or may not follow your movement in the next session.
643 However, research has shown that one’s perception of the hand may gradually drift when you are
644 performing repeated movement without seeing their hand. Please try your best to adjust your movement
645 based on the white dot to make the cursor appear on the target.” In addition, we eliminated the two
646 abrupt rotation blocks given that these would have highlighted an external perturbation. The remaining
647  task procedure was the same as Experiment 1.

648

649

650  Experiment 3

651 Experiment 3 used a between-group design to compare the effect of implicit aiming and implicit
652 recalibration on relearning. For both groups, we suppressed explicit aiming by using used an RT
653 countdown procedure that minimizes the time available to plan the movement. After positioning the
654 cursor in the start position, four 50-ms tones (each lasted 50 ms) were played with a fixed stimulus-onset

655 asynchrony of 500 ms. The target appeared at one of three positions (70°, 190°, and 310°), 250 ms after
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656 with the third tone. The participant was instructed to use the auditory rhythm to time their movement to
657 begin with the fourth tone. Thus, if they achieve this goal, there would only be 250 ms between the target
658 onset and movement onset. To push participants to heed these instructions, the message “too slow” was
659 displayed if the movement started more than 250 ms after the target onset (i.e., after the onset of the
660 last tone).

661

662 For the implicit aiming group, the feedback was delayed by 1.5 to eliminated implicit recalibration. For
663 the first learning phase, participants completed a 30-trial no-feedback baseline block, a 60-trial feedback
664 baseline block, a 180-trial rotation block with a fixed 30° rotation, and a 30-trial no-feedback block to
665 assess the aftereffect. This was followed by a 30-trial feedback block to washout learning from the first
666 learning phase. For the second learning phase, participants completed a 30-trial no-feedback block
667  followed by a second abrupt rotation block of 180 trials. Relearning is assessed by comparing performance
668  inthe second rotation block compared to the first rotation block.

669

670 For the implicit recalibration group, the rotational feedback was replaced by clamped feedback and the
671 feedback appeared as soon as the amplitude of the hand movement reached the target distance (no
672 delay). Participants were instructed to ignore the clamped feedback and aim directly at the target. The
673  first learning phase was identical in structure to that used with the implicit aiming group: 30-trials no-
674 feedback baseline block, 60-trials 0° clamp block, a 180-trial 30° clamp block (180 trials), and a 30-trial no-
675  feedback block. To washout learning in the first block, we reversed the direction of the clamp (-30°) for
676 120 trials. The length of this block was based on the results of pilot work to determine when implicit
677 recalibration from the initial 30° clamp block was fully eliminated. For the second learning phase,
678  participants completed a second 30° clamp block of 180 trials.

679

680  Experiment 4

681 Exp 4 was designed to examine the temporal stability of implicit aiming and implicit recalibration. As in
682 the other experiments, the feedback was delayed by 1.5 s for the implicit aiming group. The experiment
683  began with a no-feedback baseline block (20 trials) followed by a rotation block (80 trials). The rotation
684 size was initially set to 30° and then gradually decreased to 15° over the course of the block following an
685 exponential decay. This perturbation schedule was designed to approximate the time course of errors
686 that were experienced with a visuomotor rotation task in Hadjiosif et al.'®* Part of the error in the classic

687  visuomotor rotation task is compensated by implicit recalibration; thus, the error signal relevant for the
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688 aiming system decreased across time. To examine the temporal stability of the learning, we inserted three
689 60 s-breaks after trials 40, 70, and 100. A no-feedback washout block (20 trials) was applied after the
690 rotation block to measure implicit aiming. For the implicit recalibration group, the delayed rotational
691 feedback was replaced by non-delayed clamped feedback and participants was instructed to ignore the
692  feedback.

693

694  Experiment S3

695 ExpS3 was designed to examine how prior experience with non-rotated feedback influences the temporal
696 stability of implicit aiming and implicit recalibration. The overall design mirrored that of Exp 4, with one
697 key difference: Following the initial no-feedback baseline, we introduced an additional 70-trial baseline
698 block. We applied veridical feedback in the delayed feedback condition and 0° clamped feedback in the
699  clamp condition.

700

701

702  Analysis

703  The initial data analyses were conducted in MATLAB 2022b. Reach angle was calculated as the angular
704 difference between the target and the hand position at the target radius. Positive values indicate reach
705 angles in the opposite direction of the perturbation, the direction that would be expected by adaptation.
706 Reaction time was defined as the first sample in which the hand surpassed the radius of the start position.
707 Movement time was defined as first sample in which the radial distance of the hand position was great
708  than the target distance, minus the reaction time.

709

710  To minimize online corrections, we instructed the participant to move quickly. Trials in which the
711 movement time was longer than 1000 ms were excluded from the analysis (<0.5%). We also excluded as
712 outliers, trials in which the cursor or reach angle (when clamp feedback was applied) at the end of the
713 movement was more than 70° from the target under the assumption that the participant moved to the
714 wrong target on these trials (<0.5%). For Exp 3, we removed trials with reaction time longer shorter than
715 0 ms or longer than 350ms (~5%).

716

717  To calculate the retention rate in Exp 3 and 4, we fitted the average hand time course during the washout
718  phase using a state-space model:

719 X(n+1) =r+xXn)
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720 Where X is the hand angle, n is trial number, and r is the retention rate. We used a bootstrapping
721 procedure, resampling with 1000 iterations, to estimate the standard deviation of the forgetting rate at
722  the group level.

723

724 Aftereffects were defined as the mean reach angle over the no-feedback block following the perturbation,
725 minus the mean of the first no-feedback baseline block. One sample t-tests were applied to examine
726 whether the aftereffect is different from zero. Between-condition comparisons were performed with t-
727  tests, with false discovery rate (FDR) corrections for multiple comparisons applied when appropriate. To
728 analyze (anti)savings from the learning curves in Exps 4 and 6, we used a cluster-based permutation test,

24,48,49

729 a method useful for data with temporal dependencies . In all tests, we confirmed that the data met

730  the assumptions of a Gaussian distribution and homoscedasticity.
731
732  Models

733 Contextual inference (COIN) model

734  The COIN model is a Bayesian framework that models sensorimotor learning as the inference of latent
735 contexts based on observed motor errors.* Rather than representing a single adaptive process, the model
736 posits that learning involves dynamically assigning credit to multiple internal models, each associated with
737 a different context. Contexts are inferred based on the statistical structure of sensory feedback and the
738 history of actions and outcomes. On each trial, the learner updates both the probability of each context
739 and the associated motor memory, balancing prior beliefs with sensory evidence.

740

741 We used the code and parameter settings described in Heald et al.* to simulate the delayed feedback
742 conditions in Exp 3-4 using the basic version of the COIN. To simulate the change in behavior after each
743 1-min break (Exp 4), we modeled the 1-min break as 15 no-feedback trials; thus, uncertainty will gradual
744 increase given that participants receive no input concerning the current state.

745

746 Central to the COIN model is the assumption that participants make an inference about the context and
747 its associated perturbation from the visual feedback and reach angle. However, in the clamp task, the
748  feedback is not contingent on the reach angle. As such, the basic COIN model cannot be used to generate
749 reasonable prediction with clamp feedback. We note that there are different ways to modify the basic
750 model to use COIN to simulate the clamp task. First, we might assume that, given the instruction to ignore

751 the feedback, the system makes no inference from the clamp feedback and thus generates no adaptation.
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752 Second, the system might treat the feedback as if it is contingent feedback. However, since the change in
753 reach angle does not reduce the error, the inferred perturbation size would be unbounded (may go to
754 infinity). Third, we may assume that the system inferring the clamp size regardless of the reach angle.
755 Under this assumption, the model will predict the same outcome for clamped feedback and delayed
756 contingent feedback. Given that each of these approaches is problematic, we opted to not use clamped
757  feedback in our COIN simulations.

758

759  Cerebellar Population Coding (CPC) model

760  The CPC model was developed to account for the learning dynamics of implicit recalibration based on a
761 cerebellar-like network. The formalization of the model is reported in our previous paper?®. The model
762 includes a basis set of directionally tuned units in the cerebellar cortex, and a downstream integrator in
763  the DCN that generates motor output. Learning occurs through error-driven plasticity, specifically long-
764 term depression (LTD) at parallel fiber—Purkinje cell synapses and long-term potentiation (LTP) at mossy
765  fiber—DCN synapses. These synaptic changes alter the balance of activity across populations, allowing the
766 system to adjust motor commands in response to persistent sensory prediction errors.

767

768 Here we used the CPC model to model the anti-saving effects observed for the clamped feedback group
769 in Exp 3. The CPC model includes two learning sites, one at the level of Purkinje cells (PC) in the cerebellar
770 cortex and a second at the level of the deep cerebellar nuclei (DCN). By setting different learning/retention
771 rates for these two sites, we used the CPC to simulate a dual-rate model to evaluate the dynamics of
772 implicit recalibration in Exp 3 and 4. We simulated the CPC model with the parameter values determined
773  inthe original development of the model?.

774
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926 Supplementary Results
927

928 Supplementary Result 1: 1.5s delayed feedback sufficiently suppressed implicit recalibration.

929  We conducted a control experiment (Exp S1) to confirm that the aftereffect observed in Exp 1 was not
930 due to implicit recalibration. For this experiment, we used the same perturbation schedule but replaced
931 the hand-contingent feedback with task-irrelevant feedback (“error clamp”) and instructed participants
932 to always reach directly to the target. If the cursor feedback is not delayed, participants gradually change
933 their reaching direction without awareness in response to clamped feedback®°¢%*. However, we delayed
934 the clamped feedback by 1.5 s in this control condition, a manipulation that effectively nullifies implicit
935 recalibration'**’. Consistent with this assumption, we did not observe any change in movement direction
936 during the perturbation, nor was there a measurable aftereffect in the no-feedback blocks (Fig 2A). By
937 inference, the absence of an aftereffect in this control experiment indicates that the aftereffects observed
938 in the main experiment reflects the operation of a distinct implicit process. Indeed, a direct comparison
939 of the aftereffect data showed that the group receiving contingent (task-relevant) feedback exhibited
940 larger aftereffects compared to the control group (t(36)s>2.7, ps<0.009). Interestingly, the absence of an
941 aftereffect in the delayed clamp condition suggests that implicit aiming does not operate when
942  participants have no intention to learn.

943

944 Supplementary Result 2: Implicit aiming is not caused by use-dependent learning

945  We have hypothesized that the aftereffect observed following the gradual perturbations in Exp 1 reflects
946 the operation of an implicit process contributing to action selection. However, it is possible that the effect
947 is a manifestation of use-dependent learning, a process whereby a movement is biased in the direction of
948 recently repeated movements.’®%> The magnitude of use-dependent learning in visuomotor adaptation
949 studies is around 2-5°1%%, similar to the aftereffect values observed in the two probe blocks following the
950 abrupt, 65° rotation. However, the aftereffect values in three probe blocks during the gradual rotation
951 phase were much larger (>10°), suggesting they are unlikely to be caused by use-dependent learning.
952

953 Nevertheless, we conducted a control experiment (Exp S2) to ask if these aftereffects were due to use-
954 dependent learning. For this experiment, we ramped up the perturbation to 20° and then ramped it back
955 down to 15° before a no-feedback block to assess the aftereffect. During this no-feedback block, the first
956 five trials participants went to the training location. In the next 40 trials, the target randomly appeared at

957  two alternative positions that flanked the target position by 20° to assess generalization (Fig S1B). If the
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958 aftereffect is due to use-dependent learning, we should observe a bias towards the training target; as
959 such, the aftereffect will be in opposite directions for the two displaced targets. In contrast, if the
960 aftereffect is due to implicit aiming, we would expect the bias will be in the same direction for all three
961 targets.

962

963 Participants tracked the gradual rotation during the perturbation phase and, consistent with Exp 1, there
964 was a significant aftereffect during the no-feedback block. Importantly, the aftereffect was in the same
965 direction for all three targets, with the magnitude reduced or the two generalization targets. These data
966 are consistent with the hypothesis that the aftereffect is due to an implicit change in aiming rather than
967  a manifestation of use-dependent learning.

968

969

970 Supplementary Result 3: The CPC model failed to predict the learning dynamics with delayed feedback

971 We simulated the CPC model for the delayed feedback conditions in Exp 3 and 4. For Exp 3, the CPC
972 prediction was nearly identical to that of the clamp condition: The model again predicted an anti-savings
973 effect rather than a savings effect (Fig S3A), at odds with what was observed in the implicit aiming
974 condition of Exp 3. For Exp 4, the CPC model also predicted that the magnitude of the decrease would be
975 reduced across the three probe blocks, similar to what was observed in the implicit aiming condition. This
976 occurs because the contribution of the volatile process diminishes when the remaining error becomes
977 smaller (Fig S3B). However, the magnitude of the predicted drop was significantly smaller than what was
978  observed in the experiment.

979

980  To further compare the CPC and COIN models in predicting the temporal stability of implicit aiming, we
981 conducted an additional experiment (Exp S3). This experiment replicated the design of Exp 4 but included
982 a long baseline block with feedback before the perturbation training (Fig S4A). According to the COIN
983 model, this extended block will strengthen the prior for the baseline context. As such, after each probe,
984 participants will be more likely to infer that they are more likely to be in the baseline context and the drop
985 in hand angle should be larger after the 1-min breaks compared to when there was no baseline as in the
986 main experiment (Fig S4B). In contrast, the CPC model lacks contextual inference and therefore predicts
987  anidentical drop in both the long and no-baseline conditions.

988
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989 Consistent with the COIN prediction, we found that including a baseline block increased the magnitude of
990 the drop compared to the no-baseline condition of Exp 4 (Fig S4B, linear mixed model, t(162)=2.8,
991 p=0.005). This effect cannot be captured by the CPC model. These findings provide additional evidence
992 that the drop after the break in the delayed feedback condition reflects contextual uncertainty, consistent
993  with the COIN model, rather than forgetting of a volatile process as posited by the CPC model. In contrast,
994 for the clamped feedback condition, when 0° clamped feedback (i.e., cursor moves directly to target) was
995 used in an extended baseline block (Fig S4C-D), the size of the drop remained the same as in the non-
996  baseline condition (t(260)=0.62, p=0.56), consistent with the prediction of the CPC model.

997
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1000 Fig S1. Residual aiming error observed during washout is not due to use-dependent learning. (A) The
1001 training target and schematic of hand path (blue) and rotated feedback (grey) late in the rotation block.
1002 (B) The target could appear at the training location or at one of two generalization locations in the no-
1003  feedback block, with the latter positioned 20° clockwise or counterclockwise from the training location.
1004 Generalization predictions for implicit aiming and use-dependent learning hypotheses. For the former,
1005 biases at the generalization locations should be in the same direction as for the training location. By the
1006 used-dependent hypothesis, biases at the generalization locations should be the opposite directions, both
1007  towards the training location. (C) Perturbation schedule (grey) and mean reach angle (blue). Only the
1008 training location was used in the first part of the no-feedback block (5 trials, light pink). In the second part
1009  of the block, two generalization locations were used (20 trials/target, yellow). (D) Reach angles in the no-
1010 feedback block are consistent with the pattern predicted by implicit aiming. Shaded areas in C and error
1011 bars in D indicate standard error.
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1013
1014 Fig S2. CPC model predicts an anti-saving effect.

1015  (A) Schematic of the CPC model. The CPC model assumes that learning occurs at both the PC layer and the
1016 DCN. Each layer includes a basis set tuned to different error directions. We have depicted only four units
1017  for simplicity. For a specific error signal, only the units tuned to that error direction will exhibit learning.
1018  (B) The perturbation schedule for Exp 3. (C) The predicted learning curve by the CPC model. (D) Population
1019 activation across the DCN basis set at three time points during the experiments. The x-axis indicates the
1020 preferred direction. The y-axis indicates the strength of activation. Top: In the first training block, the units
1021 tuned to the original perturbation were activated. Middle: However, during the washout, participants
1022 experienced opposite errors, and the units tuned to the opposite direction were also activated.
1023 Importantly, the forgetting of the previous learning is slow, so those units that were tuned to the original

1024 error directions are still activated, causing interference. Bottom: Similarly, in the second learning block,
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1025  the units tuned to the opposite directions remain activated due to slow forgetting, which interferes with
1026 relearning and cause anti-saving. (E) Polar graphs showing how population activation translates into a
1027 change in hand angle. The angular axis indicates preferred direction, and the polar axis indicate strength
1028  of activation. The light purple line indicates the population activation, and the dark purple arrow

1029 represents the summation across all units, which determines the change in heading angle.

1030
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1033  Fig S3. CPC model predictions for delayed feedback conditions.

1034 An important feature of implicit recalibration is that the error correction response does not scale linearly
1035  with error size 257, To capture this nonlinearity, we assumed that the error response increases linearly up
1036  to 7° and then saturates for larger errors 6, (A) Under this assumption, the CPC model generates nearly
1037 identical predictions for the delayed feedback condition in Exp 3 as for the clamped feedback condition,
1038 namely an anti-savings effect. This prediction is opposite to the savings observed in the behavioral results.
1039  (B) Similar to the observed results of Exp 4, the CPC model generates a reduction in the size of the drop
1040 since the contribution from the volatile process decreases across time with small errors. However, the

1041 magnitude of the predicted drops is substantially smaller than what was observed empirically.

1042
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Fig S4. Differential effect of context on temporal properties of implicit aiming and implicit recalibration.
(A) Time course of hand angle in the long (dark blue) and short baseline (light blue) conditions. Note that
the break in the blue trace is for alignment purposes, enabling comparison of initial trials across phases.
Vertical dashed lines indicate 1-minute breaks. (B) Model predictions for the CPC model (left) and COIN
model (middle). Note that only the COIN model predicts a difference between the two baseline conditions
(short is condition reported in main paper) across the three 1-minute breaks. Behavioral results (right)
revealed an interaction between baseline length and the magnitude of the drop, consistent with the COIN
model predictions but not the CPC model. (C) Time course of hand angle with non-delayed clamped
feedback. (D) The CPC model correctly predicts that the drop in reach angle remains consistent across the

three 1-minute breaks and is unaffected by the number of baseline trials.
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1055
Experiment 1 S1 S2 2 Implicit 2 Explicit 3 Delayed 3 Clamp 4 Delayed 4 Clamp S3 Delayed S3 Clamp
Total 19 20 29 21 19 19 30 27 27 34 34
Female 7 11 24 13 14 12 16 16 15 9 15
Age (SD) 22.2(4.5) | 20.0(2.0) 21.2(2.5) 22.0(5.1) 21.7(3.5) 20.4(1.7) 28.1(4.7) 21.4(5.3) 21.6(2.9) 29.5(3.4) 27.6(4.7)
ccwea 10 10 14 9 10 11 14 13 12 17 17
1056  Table S1. Participant Demographic information ®: Number of participants who experienced a rotation in
1057  the counterclockwise direction during the main perturbation block. The other participants experienced a
1058  rotation in the clockwise direction.
1059
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