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ABSTRACT: Explicit aiming strategies have been shown to play an important role in visuomotor 11 
adaptation – enabling rapid improvements in performance and affording flexibility – but their interaction 12 
and downstream consequences on implicit recalibration processes remain hotly debated. While early work 13 
assumed these processes combined additively, recent studies have challenged this view. However, these 14 
studies may have overlooked subtle spatial and temporal dynamics, which could influence how explicit 15 
aiming and implicit recalibration interact. Recent research shows that implicit recalibration anchors to 16 
where a person aims their movements, with aiming strategies directly shaping their spatial development. 17 
Moreover, implicit recalibration operates across multiple timescales, with both temporally volatile and 18 
persistent components. To examine whether these factors mask the true relationship between explicit 19 
strategies and implicit recalibration, we conducted a visuomotor rotation task while carefully accounting 20 
for the interplay of spatial and temporal dynamics. We employed two complementary tests: a direct test of 21 
strict additivity examining whether implicit and explicit components sum to total adaptation, and a slope 22 
analysis examining whether the two processes exhibit a compensatory tradeoff. After controlling for 23 
spatial dynamics (plan-based generalization) and temporal dynamics (forgetting), we found that strict 24 
additivity failed in both groups – implicit and explicit measures did not perfectly sum to total adaptation. 25 
Nonetheless, both groups showed a robust inverse relationship between explicit strategies and implicit 26 
recalibration, consistent with partial additivity. This pattern of compensatory tradeoff, despite imperfect 27 
summation, may result from simple methodological imprecision, the operation of additional but 28 
unobserved processes, or more complex nonlinear interactions between processes.  29 
 30 
NEW & NOTEWORTHY: Recent work has challenged the idea that explicit strategy and implicit 31 
recalibration sum to produce visuomotor adaptation. We proposed that this apparent mismatch could arise 32 
from factors known to distort their relationship, including plan-based generalization and temporal decay. 33 
Using two complementary assays, we found that plan-based generalization shapes apparent additivity and 34 
the tradeoff between processes, but does not fully recover it. The residual gap likely reflects the 35 
interactions and contributions of additional learning processes. 36 
 37 
  38 
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INTRODUCTION 39 

Sensorimotor calibration is essential for accurate and efficient motor execution of everyday activities. 40 
Traditionally, adaptation was thought to occur solely through implicit processes, operating unconsciously 41 
to adjust movement in response to changes of the body or environment (1, 2). More recently, explicit 42 
strategies – conscious, deliberate changes in motor planning – have been shown to play a larger role than 43 
previously thought, particularly in visuomotor rotation tasks (3, 4). These tasks are ideal for studying the 44 
potential influence of explicit strategies because the perturbations and their verbalizable solutions are in 45 
the same coordinate space. One key demonstration of this came from the aim-report paradigm (5), where 46 
participants explicitly indicated their intended aiming location before movement execution. This 47 
paradigm provided a direct measure of an explicit strategy on a trial-by-trial basis, allowing implicit 48 
recalibration to be inferred via the subtraction of the participant’s reported aim from their executed reach 49 
(Figure 1a). It revealed that the stereotypical adaptation curve (e.g., power-law function) reflects the 50 
dynamic interplay between explicit strategies and implicit recalibration (Figure 1b). Because the initial 51 
aftereffects closely matched implicit recalibration inferred during training, albeit slightly smaller, it was 52 
taken as a validation of the aim-report method (5). 53 
 54 
The aim-report paradigm assumed linear additivity between these processes, which was weakly supported 55 
by correlations between aftereffects and implicit recalibration (5). Since then, many studies have tacitly 56 
adopted this assumption, though recent efforts to validate the method using the Process Dissociation 57 
Procedure (PDP) have raised questions about its accuracy (6, 7, 8, 9, 10). The PDP method was originally 58 
developed to distinguish between conscious and unconscious processes in memory and decision-making 59 
(11, 6, 8, 12). In the context of visuomotor adaptation, PDP dissociates explicit and implicit processes by 60 
instructing participants to suppress (Exclusion trials; Figure 1c, left) or apply any strategy (Inclusion 61 
trials; Figure 1c, right) they may have learned to counteract the perturbation. In theory, the hand angle 62 
observed at the final stage of training and Inclusion trials should match, and the difference between 63 
Inclusion and Exclusion trials should provide an estimate of the explicit strategy (Figure 1d). Despite 64 
these predictions, the measures of explicit and implicit do not appear to perfectly match, calling into 65 
question the methodological attempts to dissociate the different processes and, potentially, the assumption 66 
of linear additivity (12).  67 
 68 
Notably, both paradigms assume linear additivity, predicting that explicit strategies and implicit 69 
recalibration should sum to total adaptation and that increases in implicit recalibration should result in 70 
proportional decreases in explicit strategy when total adaptation remains constant. Whether the 71 
relationship reflects indirect interaction between independent processes or competition between the 72 
processes remains an open question (13). Evidence from aim-report and error-clamp studies suggests that 73 
implicit recalibration operates independently, proceeding in a stereotypical fashion regardless of error size 74 
or task relevance (14, 15, 16, 17). Under this view, explicit strategies simply compensate for the slack in 75 
implicit recalibration, achieving an angular value necessary for optimal performance. We should note that 76 
there is evidence for implicit recalibration also responding to changes in explicit strategies (18), but these 77 
interactions could be explained by two relatively independent processes operating in series or a 78 
feedthrough arrangement (19). Alternatively, their inverse relationship could be the result of a more direct 79 
interaction where implicit and explicit processes compete for error information: if one consumes the error 80 
signal, less remains available for another (13). In either case, an inverse relationship is assumed.  81 
 82 
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‘t Hart et al. (12) tested the inverse relationship using both aim-report and PDP paradigms to obtain 83 
independent measures of each process to avoid mathematical dependencies inherent in each method (5, 84 
13). In the aim-report paradigm, implicit adaptation is derived by subtracting explicit aim reports from 85 
total adaptation, inherently inducing a mathematical dependency between the two measures.  Likewise, in 86 
the PDP paradigm, explicit adaptation is inferred via subtraction of Exclusion from Inclusion. To test for 87 
a true correlation, at least two independent methods (e.g., aim-report and PDP) or, at least, data from two 88 
different phases of the experiment (e.g., PDP-Exclusion and washout phases) must be used. However, 89 
despite this dual-method approach, they found a lack of linear additivity using both independent and 90 
dependent measures of explicit and implicit processes, suggesting more complex interactions between the 91 
two. Notably, 't Hart et al. (12) tested additivity primarily through regression-based approaches: fitting 92 
slopes of implicit on explicit adaptation and checking whether 95% confidence intervals included −1 93 
('strict additivity'), or predicting total adaptation from weighted implicit and explicit measures and 94 
checking whether the slope of predicted versus actual adaptation included 1 ('loose additivity'). They did 95 
not conduct a direct summation test — i.e., testing whether the difference D = A − (I + E) significantly 96 
deviates from zero for each participant. As we argue below, the regression approach conflates the 97 
question of whether processes sum within individuals with how they covary across individuals (20), 98 
making a direct summation test an important complement. Moreover, their simulation benchmark — 99 
which validated the -1 slope by generating data under additivity plus noise – assumed that all measures 100 
reflect a single static time point, without accounting for the possibility that processes change across the 101 
different task contexts in which they are measured. 102 
 103 
While these findings are concerning, potentially invalidating more than a decade of research, two 104 
considerations complicate the interpretation of this null finding. There have been several studies 105 
demonstrating subtle yet complex spatial and temporal interactions that could explain the lack of an 106 
observed relationship between implicit recalibration and explicit strategies (21, 22, 23, 24, 25). First, 107 
plan-based generalization shows that implicit recalibration follows a Gaussian distribution centered at the 108 
explicit aiming location rather than the target location (Figure 1e; 21; 22). For example, McDougle et al. 109 
(22) found that aftereffects peaked near the probe target closest to participants' mean aiming direction 110 
(~26°), with aftereffects at the aiming location visibly larger than those at the training target (estimated 111 
from their Fig. 3A as approximately 13° vs. 10°, roughly a 20–25% reduction). During Exclusion trials, 112 
participants are instructed to reach directly to the target rather than their aiming location during training. 113 
Consequently, the measured implicit recalibration captures only a portion of the Gaussian distribution 114 
rather than its peak. Second, implicit recalibration has been shown to comprise temporally volatile and 115 
persistent components (24), with the volatile component dropping significantly after a 1-min delay, 116 
leaving only the persistent component remaining (Figure 1f; 26). The intertrial interval between 117 
successive reaches is often on the order of 5 seconds, and studies often have more than one target. Given 118 
typical intertrial intervals of a few seconds and multiple target locations, significant decay may occur 119 
between reaches to the same target. One or both of these factors, which arise from differences between 120 
training and PDP probe trials, could potentially explain the apparent lack of additivity between explicit 121 
strategies and implicit recalibration. 122 
 123 
More broadly, interpreting regression slopes as direct tests of additivity conflates two distinct questions, a 124 
concern that applies to both ‘t Hart et al.’s analysis and perhaps the wider literature. Regression slopes 125 
between implicit and explicit measures reflect the covariance structure of learning processes — how they 126 
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relate across individuals — rather than whether they sum within individuals (20). Under subtractive 127 
measurement, where one component is derived from total adaptation, the expected slope depends on the 128 
correlation between total adaptation and the measured component, not solely on whether additivity holds. 129 
Critically, the −1 benchmark assumes that total adaptation is constant across individuals. When total 130 
adaptation varies, the expected slope can deviate substantially from −1 even under linear additivity. For 131 
example, if individuals who adapt more also use larger explicit strategies, the expected slope will be 132 
shallower than −1. Even under independent measurements — where implicit and explicit processes are 133 
assayed separately — the slope still depends on the covariance structure between the two processes. 134 
Additivity places no constraint on this covariance; implicit and explicit processes can sum perfectly while 135 
being positively correlated, negatively correlated, or uncorrelated across individuals. Thus, slopes 136 
shallower than −1 may indicate individual differences in overall learning capacity rather than a violation 137 
of additivity (20). Nonetheless, the slope remains informative: a significant negative relationship provides 138 
clear evidence of a compensatory tradeoff, while the absence of a negative relationship is harder to 139 
interpret — it could reflect either true independence between processes or variance in total adaptation 140 
masking an underlying tradeoff. 141 
 142 
Given these considerations, we adopt the following conceptual framework. Strict additivity refers to the 143 
case where implicit and explicit components sum exactly to total adaptation 144 

A = I + E. 145 

Partial additivity describes cases where the two components do not exactly sum up to total adaptation, but 146 
a compensatory tradeoff still exists, a significant inverse I-E relationship. Non-additivity refers to the 147 
absence of any systematic tradeoff, suggesting the processes operate independently. Under this 148 
framework, ‘t Hart et al.’s null finding could reflect either (1) methodological factors masking a true 149 
tradeoff, or (2) genuine non-additivity. The present study addresses both possibilities. 150 
 151 
The present study tested the linear additivity assumption by independently measuring explicit and implicit 152 
processes while accounting for spatial (plan-based generalization) and temporal (decay) 153 
interactions.  Using a within-subject PDP design, we manipulated target location and delay as participants 154 
adapted to a 45° visuomotor rotation, with one group reporting their aiming strategies and a control group 155 
without aim reports (to control for potential effects of the reporting procedure; see 8, 27). We employed 156 
two complementary tests: a direct test of strict additivity examining whether the difference between total 157 
adaptation and the sum of implicit and explicit components equals to zero, and a slope analysis examining 158 
whether implicit and explicit processes exhibit a compensatory tradeoff. Strict additivity failed in both 159 
groups—implicit and explicit measures did not sum exactly to total adaptation. Nonetheless, both groups 160 
showed a robust inverse relationship between explicit strategies and implicit recalibration, indicating that 161 
the processes trade off, but do not perfectly sum. In the aiming group, plan-based generalization 162 
significantly modulated this tradeoff, with stronger inverse relationships observed when adaptation was 163 
probed at participants’ actual aiming locations rather than the training target, and temporal decay showed 164 
a marginal effect. Despite these spatial and temporal influences on the detectability of the tradeoff, the 165 
systematic deviation from strict additivity was consistent across conditions and groups, suggesting that 166 
the remaining gap likely reflects methodological imprecision, the operation of additional unobserved 167 
processes, or more complex interactions between learning systems.  168 
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MATERIALS AND METHODS 169 

Participants 170 

Sixty participants were recruited from the research participation pool managed by the Department of 171 
Psychology at Princeton University in exchange for course credit. Two participants were excluded from 172 
analysis for not following instructions (see Data Analysis), resulting in a final sample of fifty-eight 173 
participants (37 females, 21 males; mean age: 19.64, SD: 1.24). Recruitment was limited to individuals 174 
who were right-handed, had normal or corrected-to-normal vision to receive visual feedback, and had 175 
normal color vision. Participants were assigned to either an aiming group (n = 29) or a control group (n = 176 
29). 177 

Task and Apparatus  178 

All participants made rapid "shooting" movements with a digitizing stylus (Intuos 3, Wacom) to bring a 179 
virtual cursor (0.8 cm diameter) to a target (1 cm diameter) positioned 7 cm from the start position 180 
(Figure 2a). If the movement exceeded 300 ms, an auditory warning saying “too slow” was triggered. 181 
Visual stimuli were displayed on an LCD touchscreen monitor (Dell) mounted 23.5 cm above the tablet, 182 
preventing direct vision of the hand. Between trials, an empty circle dynamically adjusted in size based on 183 
the radial distance between the hand and the center of the tablet to guide participants back to the start 184 
position (1 cm diameter), where they held for 500 ms before proceeding. A desktop PC (Dell) running 185 
custom MATLAB software (28) controlled the task. 186 
 187 
The experiment consisted of 400 trials spread over four blocks. The first block was designed to 188 
familiarize participants with all aspects of the task, which consisted of 40 trials (Baseline block). For the 189 
first 10 trials, participants were provided with veridical continuous feedback of the cursor location. Cursor 190 
feedback was removed for the next 10 trials to measure any potential movement bias, before being 191 
reintroduced for an additional 10 trials with feedback. For the last 10 trials, the aiming group practiced 192 
reporting their intended aiming location with their left hand prior to executing each reach with their right 193 
hand, while the control group continued reaching without reporting their aims.  194 
 195 
Following the baseline block, a 45° rotation was introduced between the movements of the hand and the 196 
visual feedback. Participants were then trained to overcome this rotation for 200 trials, while the aiming 197 
group continued to report their aim, and the control group did not (Training block). The direction of 198 
rotation was counterbalanced across participants. The location of the target was always at 90° (north) for 199 
the Baseline and Training blocks.  200 
 201 
After the Training block, participants were introduced to the Process Dissociation Procedure (PDP), 202 
which unfolded over four phases of 30 trials (PDP blocks, Figure 2c). Each PDP block included 5 203 
Exclusion trials, 10 Top-up trials, 5 Inclusion trials, and another set of Top-up trials. During Exclusion 204 
trials, cursor feedback was removed, and participants were instructed to reach directly toward the target 205 
without using any compensatory strategies (Figure 2b, bottom panels). The target turned from green to 206 
red to further indicate that participants should refrain from implementing any strategy. Exclusion trials are 207 
designed to assay implicit recalibration in relative isolation from explicit strategies (6, 8, 12). During 208 
Inclusion trials, cursor feedback was removed and participants were instructed to use any strategy they 209 
might have developed to counteract the perturbation in order to get their now unseen cursor on the target 210 
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(Figure 2b, top panels). Inclusion trials are assumed to assay the joint operation of explicit strategies and 211 
implicit recalibration (6, 8, 12). In between the Exclusion and Inclusion trials were Top-up trials where 212 
cursor feedback was restored, and participants were instructed to try to get the rotated cursor on the 90° 213 
training target. These trials were designed to recover any adaptation that may have decayed during 214 
Exclusion/Inclusion trials since cursor feedback was removed. The order of the Exclusion and Inclusion 215 
sets alternated after each PDP block, and they were always separated by Top-up trials. Throughout the 216 
PDP blocks, the aiming group continued to report their aiming location by tapping on the monitor using 217 
their left hand. 218 
 219 
The four PDP blocks (Figure 2c) were designed to test if plan-based generalization and temporal decay 220 
affect linear additivity. Here, we used a within-subject 2x2 factorial design with factors of Target 221 
Location (at training location or aiming location) and Delay (no delay or 1-min delay). In the Training 222 
Location condition, the target appeared at 90° (north), which is the same target location as during the 223 
training block, for both Inclusion (Figure 2b, top-left) and Exclusion trials (Figure 2b, bottom-left). In the 224 
Aiming Location condition, the target appeared at the average aiming angle from the five most recent 225 
Top-up/adaptation trials before the current Inclusion/Exclusion set for the aiming group (Inclusion 226 
example: Figure 2b, top-right; Exclusion example: Figure 2b, bottom-right). For the Control Group, the 227 
aiming target location was fixed at 39° based on the average late adaptation aim reports (last 10 trials of 228 
the Training block) from our pilot study (29). Because this fixed location reflects a group average rather 229 
than each individual's actual aiming direction, some spatial misalignment is inevitable for control 230 
participants whose true aiming strategies deviate from 39°. This added noise may attenuate any plan-231 
based generalization effects in the control group, which is one reason we do not conduct a factorial 232 
analysis of target location effects in this group. To test for the effects of temporal decay, a 1-min delay 233 
was introduced between the final trial of Top-up and the onset of Exclusion/Inclusion in the Delay 234 
condition. The order of the four PDP blocks (Target Location and Delay combinations) was randomized 235 
for each participant. The experiment ended with 40 no-feedback no-aim-report trials to wash out any 236 
adaptation (Washout block). 237 

Data Analysis 238 

Hand angles were calculated as the angular distances between the target and the hand's endpoint position. 239 
Aim reports were calculated based on the angular distances between where participants tapped on the 240 
screen relative to the target. To standardize the data, we flipped all hand angles and aim reports in the 241 
same direction, ensuring that positive values always reflected the direction of counteracting the rotation, 242 
regardless of whether the rotation was clockwise (-) or counterclockwise (+).  243 
 244 
Testing Linear Additivity 245 
To test the assumption of linear additivity, we employed two complementary approaches that address 246 
distinct questions. The primary test directly examined strict additivity by computing the residual 247 
difference 248 

𝐷 = 𝐴 − (𝐼 + 𝐸ሻ 249 

for each participant, where A is total adaptation, I is implicit adaptation, and E is explicit adaptation. 250 
Under strict additivity, mean (D) should equal zero, which we tested using a one-sample t-test. 251 
 252 
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The secondary test examined whether implicit and explicit processes exhibit a compensatory tradeoff by 253 
regressing implicit on explicit measures: 254 

𝐼 = 𝛽 × 𝐸 + 𝐼𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡. 255 

As elegantly outlined in a recent study, regression slopes do not directly test additivity — the expected 256 
slope depends on the covariance structure rather than whether processes sum (20) — but a significant 257 
negative slope still indicates that the processes compensate for one another across individuals, while the 258 
absence of a negative relationship is harder to interpret.  259 
 260 
We refer to these two statistical approaches as the summation test (D test) and the tradeoff test (slope 261 
analysis), respectively. Each test was applied at two levels of analysis: an overall analysis using measures 262 
collapsed across conditions in both groups, and a condition-specific analysis using the 2x2 factorial 263 
structure in the aiming group only. The overall analysis uses aftereffect as the implicit measure, Inclusion 264 
- Exclusion as the explicit measures, and Top-up as total adaptation, ensuring non-overlapping trial types 265 
of both groups. The condition-specific analysis uses Exclusion as the implicit measure, aim reports as the 266 
explicit measure, and Top-up as total adaptation, enabling within-subject comparison across Target 267 
Location and Delay. 268 
 269 
Measures for Overall Analysis 270 
For the primary test of strict additivity (residual D test) and the overall slope analysis, we used the same 271 
measures for both groups to allow direct comparison. Total adaptation (A) was defined as the mean hand 272 
angle across Top-up trials, which were interspersed between Exclusion and Inclusion trials throughout the 273 
four PDP blocks to maintain adaptation with feedback (see Figure 2c). Each participant's Top-up 274 
performance was averaged across all PDP blocks to yield a single value. Implicit adaptation (I) was 275 
defined as the mean hand angle over the first five trials of the Washout block (aftereffect), which reflects 276 
residual adaptation after participants were instructed to reach directly to the target without any strategy. 277 
Explicit adaptation (E) was computed as the difference between Inclusion and Exclusion trials (five trials 278 
each), averaged across all four PDP conditions. This yields one Inclusion value and one Exclusion value 279 
per participant, with explicit adaptation calculated as their difference.  280 
 281 
This approach ensures that explicit and implicit measures are based on non-overlapping, independent trial 282 
types in both groups. Notably, the implicit measure (aftereffect) is fully independent of both Inclusion and 283 
Exclusion trials, reducing mathematical dependency between I and E. We collapsed across conditions for 284 
the main additivity test because the control group does not permit condition-specific comparisons. In the 285 
control group, implicit adaptation was measured only once in the Washout block and does not vary by 286 
condition, while only explicit measures (Inclusion - Exclusion) vary across the four PDP conditions. 287 
Comparing residuals or slopes across conditions would involve multiple comparisons using the same 288 
implicit data point, violating independence assumptions. 289 
 290 
We also note that the D test can only be conducted using Top-up trials as total adaptation. Using Inclusion 291 
trials as total adaptation would introduce mathematical coupling because the explicit measure (Inclusion - 292 
Exclusion) shared Inclusion with the total, making the test circular.  293 
 294 
Measures for Condition-Specific Analysis (Aiming Group) 295 
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To examine how plan-based generalization and temporal decay affect both the implicit-explicit tradeoff 296 
and the residual D, we conducted a separate within-subject 2x2 analysis in the aiming group using 297 
condition-specific measures. Here, total adaptation (A) was defined as the mean hand angle across ten 298 
Top-up trials within each PDP block (corresponding to each condition). Implicit adaptation (I) was 299 
defined as the mean hand angle across the five Exclusion trials in each condition. Explicit adaptation (E) 300 
was quantified as the mean aim report from the five Inclusion trials in each condition. This allowed us to 301 
assess how target Location (Training vs. Aiming) and Delay (No-Delay vs. 1-minute) affected the 302 
residual and slope within individuals. The analysis is possible only in the aiming group because aim 303 
reports provide independent, condition-specific measures of explicit adaptation that do not overlap with 304 
Exclusion trials. 305 
 306 
Simulation-Based Slope Benchmark for Linear Additivity 307 
To evaluate whether the observed slopes align with the linear additivity model, we first simulated data 308 
based on empirical data under the assumption of additivity. Because the commonly used −1 benchmark 309 
assumes zero variance in total adaptation (e.g., 20), we derived expected slopes via simulation using our 310 
empirical variance structure. 311 
 312 
We ran simulations using two definitions of total adaptation to test how this choice influences the 313 
expected slope. We report results for both definitions because differences in measurement variance across 314 
operationalizations can change the observed slope. In our first definition, total adaptation (A) was 315 
measured on the Top-up trials, capturing feedback-based adaptation, and occurring immediately before 316 
the PDP probes. Using the means and standard deviations of Top-up performance and explicit adaptation 317 
(Inclusion - Exclusion) from each group average across all PDP blocks, we generated 10,000 simulated 318 
datasets under the additivity assumption: we sampled total adaptation and explicit adaptation as follow: 319 

𝐴௦௜௠௨௟௔௧௘ௗ ~ 𝑁൫𝜇்௢௣ି௨௣, 𝜎்௢௣ି௨௣൯ 

𝐸௦௜௠௨௟௔௧௘ௗ ~ 𝑁ሺ𝜇ூ௡௖௟௨௦௜௢௡ ି ா௫௖௟௨௦௜௢௡, 𝜎ூ௡௖௟௨௦௜௢௡ ି ா௫௖௟௨௦௜௢௡ሻ. 320 

Under the additivity assumption, total adaptation reflects the sum of implicit and explicit processes at 321 
probe time. Thus, we simulated implicit adaptation (I) as: 322 

𝐼௦௜௠௨௟௔௧௘ௗ ൌ 𝐴௦௜௠௨௟௔௧௘ௗ െ 𝐸௦௜௠௨௟௔௧௘ௗ. 323 

 324 
The alternative approach used Inclusion trial performance as total adaptation (A), which is structurally 325 
tied to our PDP-based explicit measure and reflects adaptation at probe time without feedback. Here, we 326 
sampled Inclusion performance as A and Exclusion performance as I with our empirical parameters 327 
across all PDP blocks: 328 

𝐴௦௜௠௨௟௔௧௘ௗ ~ 𝑁ሺ𝜇ூ௡௖௟௨௦௜௢௡, 𝜎ூ௡௖௟௨௦௜௢௡ሻ 

𝐼௦௜௠௨௟௔௧௘ௗ ~ 𝑁ሺ𝜇ா௫௖௟௨௦௜௢௡, 𝜎ா௫௖௟௨௦௜௢௡ሻ, 329 

then computed simulated explicit adaptation as the following: 330 

𝐸௦௜௠௨௟௔௧௘ௗ ൌ 𝐴௦௜௠௨௟௔௧௘ௗ െ 𝐼௦௜௠௨௟௔௧௘ௗ. 331 

Downloaded from journals.physiology.org/journal/jn at Princeton Univ Library (140.180.240.002) on May 6, 2026.



 332 
For each simulation approach, we fit linear regression models to the simulated data to derive the 333 
distribution of expected slopes under strict additivity. By presenting simulations under both 334 
operationalizations, we illustrate how the expected slope may vary depending on measurement choices. 335 
 336 
Statistical Inference 337 
Regression slopes and their significance were estimated using ordinary least squares (OLS). Subject-level 338 
bootstrap resampling (1,000 iterations) was used to construct confidence intervals for individual slopes 339 
and to derive sampling distributions for contrasts between slopes (including main effects, interactions, 340 
and comparisons against simulation benchmarks) where analytic distributions are not readily available. 341 
For condition-specific analysis, we resampled participants with replacement within each group and 342 
carried each selected participant’s data across all within-subject cells (Target Location and Delay) to 343 
preserve pairing in each iteration. For every analysis, we report the observed slope and the 95% 344 
confidence interval from the bootstrap distribution. 345 
 346 
For the main additivity test, we compared overall slopes between groups and against simulated 347 
predictions from the linear additivity model. Slopes were considered consistent with additivity if the 348 
observed 95% confidence interval overlapped with the simulated distribution, and inconsistent if they fell 349 
outside this range. For the condition-specific analysis in the aiming group, we conducted a 2x2 factorial 350 
analysis examining how Target Location and Delay affected the slopes β and residuals D. For each 351 
bootstrap iteration, we computed marginal means and derived main effects as differences between factor 352 
levels and interactions as differences-of-differences. Statistical significance was determined by whether 353 
95% bootstrap confidence intervals excluded zero, with two-tailed p-values calculated as twice the 354 
smaller tail probability.  355 
 356 
Testing Participants’ Understanding of the Task 357 
As the dissociation and test of additivity between explicit and implicit critically hinges upon participants’ 358 
understanding of the specific instructions (29), we first verified participants’ knowledge of the 359 
instructions. After being introduced to the task, they were asked to answer a few questions and would 360 
receive clarifying instructions if necessary before beginning the actual experiment. They were asked to 361 
indicate whether they should move directly toward the target or elsewhere in the following conditions: 1) 362 
baseline trials, 2) mismatch-on (mismatch between the cursor and the hand), and 3) mismatch-off trials. 363 
The correct answers were: 1) directly toward the target, 2) elsewhere, and 3) directly toward the target. 364 
Participants in the aiming group needed to answer an extra question about where to tap when reporting 365 
their aim (cursor vs. hand position), with the correct response being the hand position. 366 
 367 
We then implemented a post-experiment survey to screen for individuals who failed to follow the 368 
instructions for both experiments. The post-experiment survey included 4 questions, each corresponding 369 
to a specific combination of Target Location (aiming location or training location) and trial type 370 
(Exclusion trial with a red target; Inclusion trial with a green target). The visuals matched those used in 371 
the actual task. For each question, participants indicated where they aimed by tapping along an “aiming 372 
ring” centered at the start position, with the target appearing on the ring. Note that the aiming location 373 
from the survey was the average aiming location from our pilot study (29), which was the same aiming 374 
location for the control group during the actual task. Individuals who aimed within 0.8 cm of the target 375 

Downloaded from journals.physiology.org/journal/jn at Princeton Univ Library (140.180.240.002) on May 6, 2026.



(the target’s diameter) during the Exclusion trials (both aiming and training locations) would pass the 376 
screening criteria and not be excluded, as aiming at a location other than the target in the Exclusion trials 377 
shows that they did not understand the instructions. Because Inclusion trials lack a dedicated instruction-378 
check, we screened asymptotic performance by averaging the hand angle of each Inclusion block (the 379 
same trials used for the implicit–explicit correlation) across the four conditions and flagging participants 380 
whose mean hand angle was more than ±4 SD from the group mean. In the aiming group only, we applied 381 
the same ±4 SD criterion to the mean aim-reports to identify potential noncompliance or inconsistent 382 
reporting. As a result, two participants were excluded: (i) one control-group participant who failed to tap 383 
the target during an Exclusion trial when the target was at the aiming location, and (ii) one aiming-group 384 
participant whose aim-reports were extreme during an Inclusion block with the target at the aiming 385 
location. 386 
 387 
All data and analysis code in Python can be openly accessed at: https://doi.org/10.17605/OSF.IO/ZT8PD. 388 
 389 

RESULTS 390 

Participants successfully adapted to the visuomotor rotation across groups 391 

To investigate whether implicit and explicit adaptation linearly add up to total adaptation, we measured 392 
explicit and implicit processes while accounting for spatial (plan-based generalization) and temporal 393 
(decay) interactions. Specifically, the influence of spatial dynamics was examined by manipulating the 394 
Target Location (target at aiming vs training locations) and the influence of temporal dynamics by 395 
manipulating the Delay in cursor feedback (no delay vs 1-min delay) as participants adapted to a 45° 396 
visuomotor rotation in a within-subject design (n = 29). Importantly, to ensure that our assessment of the 397 
potential relationship between explicit and implicit processes was not the result of a necessary statistical 398 
correlation, we obtained independent measurements of each process via the aim-report and PDP 399 
techniques. We also included a control group (n = 29) who were not asked to report their aim on each trial 400 
to assess potential effects of the reporting procedure.  401 
 402 
Participants successfully adapted to the 45° visuomotor rotation, as indicated by an appropriate change in 403 
hand angle to counteract the perturbation over the last 10 trials of the Training block compared to 404 
Baseline in both aiming and control groups (Figure 3a; aiming: 43.75 ± 0.36°; t(28) = 65.73, p < 0.001; 405 
control: 43.15 ± 0.46°; t(28) = 61.41, p < 0.001), and the adaptation is comparable across groups (t(56) = 406 
1.01, p = 0.317). This comparable performance persisted throughout the PDP blocks, with no significant 407 
differences between groups in Exclusion (Figure 3b-c; t(56) = 0.55, p = 0.588) or Inclusion trials (Figure 408 
3b-c; t(56) = 1.92, p = 0.060) when we averaged across all PDP blocks.  409 
 410 
Adaptation was maintained throughout testing, with no difference between Inclusion and Top-up trials 411 
when the probe-target was at the training location without delay (Figure 3b-c; aiming: Top-up, 43.89 ± 412 
0.49°; Inclusion, 44.01 ± 0.89°; t(28) = -0.14, p = 0.891; control: Top-up, 43.47 ± 0.30°; Inclusion, 44.46 413 
± 0.82°; t(28) = -1.27, p = 0.214). Neither Target Location (aiming: F = 1.57, p = 0.221; control: F = 414 
0.576, p = 0.454), Delay (aiming: F = 0.31, p = 0.583; control: F = 1.43, p = 0.242), nor their interaction 415 
(aiming: F = 3.99, p = 0.055; control: F = 1.88, p = 0.181) showed significant effects on Exclusion trials 416 
across groups. Similarly, Inclusion trials showed no effects of Target Location (Figure 3b; F = 1.324, p = 417 
0.260), Delay (F = 0.979, p = 0.331) nor interaction (F = 0.056, p = 0.815) in the aiming group. While 418 
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there was no effect of Delay (Figure 3c; F = 0.526, p = 0.474) or an interaction (F = 1.14, p = 0.295), 419 
there was a significant effect of Target Location (F = 17.79, p < 0.001), with participants consistently 420 
reaching below the optimal hand angle when the probe target was at the Aiming Location (t(28) = -4.218, 421 
p < 0.001). While we did not find a significant effect of our delay manipulation on average Exclusion or 422 
Inclusion performance (24, 26), trial-by-trial analysis revealed significant within-block decay in both 423 
Exclusion and Aftereffect measures (Supplementary Figure S5c). Combined with the relatively long 424 
intertrial interval on the first no-delay probe trial (Supplementary Figure S1; 12.19 ± 5.25 s), this suggests 425 
that substantial volatile decay had already occurred before the first probe, potentially creating a floor 426 
effect that limited our sensitivity to detect additional effects of the 1-minute delay. 427 

Summation test: Implicit and explicit measures do not sum to total adaptation 428 

Before examining the tradeoff between implicit and explicit adaptation, we first tested whether these 429 
components sum to total adaptation by computing the residual D = A - (I + E) for each participant. Total 430 
adaptation was measured as mean Top-up performance across PDP blocks (aiming: 43.79 ± 2.02°; 431 
control: 43.95 ± 1.25°). Implicit adaptation was measured as the aftereffect (aiming: 13.18° ± 6.20°; 432 
control: 13.46° ± 7.65°), and explicit adaptation was computed as Inclusion - Exclusion collapsed across 433 
conditions (aiming: 26.16 ± 11.6°; control = 23.15 ± 10.9°). In both groups, the residual D differed 434 
significantly from zero (aiming: 4.44 ± 10.26°, t(28) = 2.33, p = 0.027; control: 7.34 ± 9.29°, t(28) = 4.25, 435 
p < 0.001), indicating that strict additivity was not supported. 436 
 437 
To examine whether spatial and temporal factors affected the magnitude of the deviation from strict 438 
additivity, we conducted a parallel 2×2 analysis on the residual D in the aiming group using condition-439 
specific measures (total adaptation = Top-up within each PDP block; implicit = Exclusion; explicit = aim 440 
reports). Neither Target Location (F = 0.26, p = 0.614) nor Delay (F = 0.16, p = 0.695) significantly 441 
affected the residual, and there was no interaction (F = 1.51, p = 0.229). This indicates that the systematic 442 
deviation from strict additivity is consistent across conditions and is not uniquely driven by plan-based 443 
generalization or temporal decay. 444 

Tradeoff test: Robust inverse relationship indicates partial additivity, with plan-based generalization 445 
modulating the tradeoff between implicit and explicit processes 446 

Having established that the sum of implicit and explicit adaptation does not match with total adaptation, 447 
we next asked whether implicit and explicit processes trade off given the recent findings suggesting 448 
competition between the processes (13, 12) while other work finds implicit to be highly stereotyped and 449 
operates with a relative degree of independence from explicit processes (30, 31, 19, 14, 15, 32, 33, 34). 450 
To test this, we regressed implicit on explicit measures at the individual level, where a significant 451 
negative slope would indicate a compensatory tradeoff. To ensure independence between measures, we 452 
used non-overlapping trial types for each component. In the aiming group, explicit adaptation was 453 
quantified as the mean aim-report using the Inclusion trials or the difference between Inclusion and 454 
Exclusion trials, while implicit adaptation was the average hand angle across the Exclusion trials. In the 455 
control group, explicit adaptation was calculated as the difference between Inclusion and Exclusion trials, 456 
with implicit adaptation measured as the aftereffect in the washout block.   457 
 458 
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In the aiming group, where participants explicitly reported their aiming directions, we found significant 459 
negative correlations between implicit and explicit adaptation across all conditions (Table 1; Figure 3d). 460 
This confirmed the expected inverse relationship — greater explicit strategy use was associated with 461 
reduced implicit recalibration. However, these slopes were consistently shallower than -1, the benchmark 462 
traditionally associated with strict additivity. As discussed below, whether these slopes deviate from 463 
additivity may depend on how total adaptation is operationalized in the simulation benchmark, as 464 
different measures have different variances. This pattern persisted even when analyzing only participants 465 
who strictly followed instructions (See supplementary Figure S2) using the same criteria from our pilot 466 
study, ruling out inattention or task misunderstanding as explanations (29).  467 
 468 
Bootstrap hypothesis testing on the regression slopes revealed a significant main effect of Target 469 
Location, with stronger inverse relationships (more negative slopes) observed when the probe target was 470 
at the Aiming Location compared to the Training Location (Figure 3d; mean difference = -0.322, 95% CI 471 
[-0.438, -0.211], p < 0.001). There was a marginal effect of Delay (mean difference = 0.115, 95% CI 472 
[0.000, 0.254], p = 0.050), suggesting that the delay slightly weakened the implicit-explicit relationship. 473 
There was no interaction between Target Location and Delay (mean difference = 0.149, 95% CI [-0.064, 474 
0.370], p = 0.156). These results indicate that plan-based generalization significantly modulates the 475 
strength of the implicit-explicit tradeoff when explicit strategies are independently measured through aim 476 
reports, while temporal decay has only a marginal influence. 477 
 478 
The control group used the Process Dissociation Procedure without reporting aims, keeping the same 2x2 479 
factorial structure as the aiming group. The parallel design allows us to isolate the effect of reporting aims 480 
and examine whether the same experimental manipulations would yield similar patterns when explicit 481 
strategies were measured through behavior rather than verbal report. Note, however, the design of the 482 
control group does not permit an independent measure of explicit aiming – there are no aim-reports – and 483 
the PDP method cannot estimate explicit adaptation without using implicit adaptation measured from 484 
Exclusion trials, which creates a statistical dependency. As a result, we cannot perform the same factorial 485 
analysis as in the aiming group. To obtain a more generic estimate of the relationship for the control 486 
group, we quantified explicit adaptation by averaging the difference between Inclusion and Exclusion 487 
trials across all PDP blocks and quantified implicit adaptation from the single washout block at the end of 488 
training. When we averaged across conditions for the control group, we again observed a strong inverse 489 
relationship (Table 1; Figure 3e).  490 
 491 
While using the difference between Inclusion and Exclusion trials has been the traditional way to 492 
compute explicit measures using the PDP paradigm, it may be problematic when targets appear at novel 493 
locations, as participants could become confused about how to express their learned adaptation during 494 
Inclusion trials. To test this possibility, we recomputed explicit adaptation using Top-up trials, where the 495 
target always appeared at the trained location, instead of Inclusion trials. This alternative approach 496 
yielded a much stronger inverse relationship (Supplementary Figure S3b;  β = -1.061, 95% CI [-1.350, -497 
0.785], p < 0.001), approaching perfect linear additivity. This suggests that the traditional PDP approach 498 
may obscure the relationship between the two components when attempting to account for plan-based 499 
generalization by probing the adaptation at a new location. 500 
  501 
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To enable direct comparison between the two groups, we reanalyzed the aiming group data using the 502 
same methodological approach as the control group (aftereffects as the implicit measure, difference 503 
between Inclusion/Top-up and Exclusion as the explicit measure, averaging across conditions). Under 504 
these identical methodological conditions, the aiming group still showed partial additivity between the 505 
two processes (Supplementary Figure S3c-d), suggesting that the act of reporting itself may indirectly or 506 
directly affect the relationship itself. We should note, however, that these analyses are post hoc and may 507 
be subject to the problem of multiple comparisons.  508 

Simulation benchmarks: Observed slopes confirm compensatory tradeoff but fall short of strict 509 
additivity 510 

To evaluate whether the observed slopes align with linear additivity, we compared them against 511 
simulation benchmarks derived under two operationalizations of total adaptation (Table 2; Figure 4). The 512 
expected slope under additivity depends on the variance of total adaptation (20): greater variability leads 513 
to shallower expected slopes. Top-up trials showed relatively low variability (aiming: SD = 2.02°; 514 
control: SD = 1.25°), while Inclusion trials showed greater variability (aiming: SD = 6.67°; control: SD = 515 
9.16°). Accordingly, the Inclusion benchmark yielded shallower expected slopes than the Top-up 516 
approach. 517 
 518 
Under the Top-up operationalization, the observed slopes in both groups differed significantly from the 519 
simulated benchmark (Table 2). Even if we restrict the analysis to only the aiming group when the PDP 520 
probes were at the Aiming Location without any delay, we find that the bootstrapped distribution of 521 
slopes still falls short of -1 (Supplementary Figure S4). However, under the alternative operationalization, 522 
where Inclusion trials serve as total adaptation and the benchmark is accordingly shallower, neither 523 
group’s observed slope differed significantly from the simulated benchmark (Table 2). This divergence 524 
reflects a general statistical property: because different operationalizations of total adaptation carry 525 
different amounts of variance, the same underlying additive relationship can produce different expected 526 
slopes and therefore different conclusions about whether the observed data deviate from additivity (see 527 
20). Regardless of which benchmark is used, both groups showed significant negative slopes, confirming 528 
that implicit and explicit processes trade off. Moreover, when compared on the same measures (Explicit: 529 
Inclusion − Exclusion; Implicit: aftereffect), the two groups did not differ in the strength of this 530 
relationship (mean difference = 0.125, 95% CI [−0.167, 0.423], p = 0.428). Whether this tradeoff reaches 531 
strict additivity depends on measurement choices. 532 
 533 

DISCUSSION 534 

Summary 535 
Motor adaptation is not driven by a single, unitary process but instead emerges from multiple processes. 536 
Most taxonomies divide these learning and memory processes at the phenomenological level, with 537 
explicit and implicit processes at the top branch, with a variety of different subprocesses going down the 538 
branches (35, but see 36). Along the explicit branch, there are at least two distinct components that have 539 
been identified: algorithmic-based (e.g., mental rotation) and retrieval-based (e.g., stimulus-response 540 
caching) strategies (37, 38, 39). Along the implicit branch, a number of different components have been 541 
identified, such as implicit recalibration, use-dependent learning, proprioceptive recalibration, and 542 
reinforcement learning (40, 41, 42, 43, 32, 44). The variety and complexity of these underlying processes 543 
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raises a fundamental question: how do they combine to produce overall adaptation? Many studies have 544 
assumed linear additivity at the top branch of this explicit-implicit taxonomy such that total adaptation is 545 
equal to the sum of explicit and implicit components, often estimating implicit as the difference between 546 
total and explicit adaptation (14, 21, 45, 46, 47, 5). Recently, ‘t Hart et al. (12) found no significant 547 
inverse relationship between explicit and implicit measures using both aim-report and PDP methods, 548 
which they interpreted as evidence against linear additivity. However, this interpretation has been 549 
questioned on statistical grounds: regression slopes reflect how learning processes covary across 550 
individuals, not whether they sum within individuals, and the -1 benchmark holds only when total 551 
adaptation is constant (20). 552 
 553 
Our study addressed this question while explicitly accounting for two factors known to shape adaptation: 554 
plan-based generalization and temporal decay. We used a within-subject 2 × 2 design (Target Location × 555 
Delay) and obtained independent estimates of explicit and implicit adaptation, allowing us to separate a 556 
compositional test of additivity from an assessment of between-subject covariation. We evaluated 557 
additivity in two complementary ways. A direct test of strict additivity showed that the measured implicit 558 
and explicit components did not add up to total adaptation in either group, such that D = A - (I + E) 559 
systematically deviated from zero. While failing strict additivity, slope analyses revealed robust inverse 560 
relationships between explicit and implicit adaptation across individuals in both groups, indicating 561 
reliable tradeoff between the processes. Within the aiming group, probing at the target aligned with 562 
participants’ reported aiming direction strengthened the inverse relationship, consistent with the idea that 563 
plan-based generalization can obscure implicit–explicit coupling when probes are spatially misaligned. 564 
Introducing a delay produced a modest attenuation of this tradeoff. Interestingly, the deviation D did not 565 
vary across Target Location or Delay, suggesting that the systematic departure from strict additivity is not 566 
uniquely driven by the spatial or temporal factors manipulated in the study. The pattern is consistent with 567 
partial additivity, in which explicit and implicit contributions covary in the expected direction but do not 568 
satisfy the unit-weight identity required for perfect summation.  569 
 570 
It is important to distinguish between different forms of deviation from strict additivity. While both of our 571 
experimental groups failed to show strict additivity, this failure does not imply that the processes do not 572 
trade off. We found robust inverse relationships in both groups, indicating partial additivity — when one 573 
process is larger, the other tends to be smaller. In contrast, non-additivity would be indicated by the 574 
absence of any tradeoff: a slope near zero or positive between implicit and explicit measures, suggesting 575 
the processes do not compensate for one another. We emphasize that our findings speak to whether a 576 
tradeoff exists, not to the underlying mechanism generating that tradeoff—whether through independent 577 
processes filling slack or competitive processes sharing error signals remains an open question (13). 578 
 579 
First, this could be simply due to the added complexity of the aim-report method causing confusion in the 580 
participants and, thus, affecting clean process measurement. Both the aiming report and the PDP method 581 
heavily depend on participants' understanding of the instructions (29). Second, given the number of 582 
learning processes that have been identified in recent years, it is likely that the aiming report and PDP 583 
method do not fully capture the contributions of these other processes. Finally, asking participants to 584 
explicitly report their aiming location or providing instructions to use or stop using compensatory 585 
strategies could fundamentally change the interaction between the myriad of explicit and implicit 586 
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processes in potentially nonlinear ways.  587 
 588 
Spatial and Temporal Dynamics Interactions  589 
Failing to account for the effects of spatial and temporal dynamics on the relationship between explicit 590 
and implicit adaptation appeared to be a likely candidate for partial- or non-additivity, as it may have led 591 
to misinterpretations of a number of phenomena, such as spontaneous recovery, savings, and interference 592 
(22, 47, 21, 45, 48). While early work in motor adaptation assumed that adaptation would generalize 593 
around the target location (49, 50, 51, 52, 53, 54), studies of force field adaptation suggested that 594 
generalization might instead be centered on the actual movement trajectory (55). More recent studies of 595 
visuomotor rotations suggest that generalization occurs at the level of the movement plan, specifically at 596 
the aiming location rather than the target or the actual movement location (21, 22, 23). In studies with a 597 
significant contribution of explicit aiming, plan-based generalization would predict an apparent reduction 598 
in implicit adaptation if it were probed at the training target during washout blocks or with the PDP 599 
method. As a result, additivity tests that infer implicit as the difference between total and explicit 600 
adaptation could appear partial- or non-additive because the probe is spatially misaligned with where 601 
learning is expressed. 602 
 603 
To address this potential effect of plan-based generalization, we directly measured participants’ explicit 604 
aiming strategies and tailored our probe target to each individual’s Aiming Location to get a more 605 
accurate assessment of the implicit process. Indeed, we found that a significantly stronger inverse 606 
relationship between implicit and explicit processes emerged when implicit adaptation was measured at 607 
the Aiming Location. However, this relationship still fell short of full additivity, suggesting that plan-608 
based generalization alone could not account for the deviation.  609 
 610 
Temporal decay is another possible factor that could complicate the relationship between explicit and 611 
implicit processes. While explicit strategies remain relatively stable, implicit recalibration decays over 612 
time: a volatile component that nearly vanishes within 1 minute and a persistent component that remains 613 
stable (24, 26). In studies where multiple targets were presented, implicit adaptation could potentially 614 
decay since it would take some time to get back to the same target (12). Although the overall effect of our 615 
delay manipulation on adaptation was not significant, trial-by-trial analysis revealed clear within-block 616 
decay (Supplementary Figure S5c), consistent with a volatile component that dissipates rapidly even over 617 
short intervals (24, 26). The long pre-first-trial ITI in our design (Supplementary Figure S1) likely 618 
allowed substantial volatile decay before the first probe, reducing our sensitivity to detect additional 619 
effects of the 1-minute delay.  620 
 621 
Even after aligning where and when learning is probed, the relationship between explicit and implicit 622 
components appears more complex than a simple linear sum. The modest but persistent deviation from 623 
additivity suggests that spatial and temporal factors, while important, cannot fully explain the partially 624 
additive relationship between explicit and implicit adaptation. The missing difference likely reflects the 625 
complex nature of adaptation: (i) methodological limitations in how we measure these processes, (ii) the 626 
operation of multiple unaccounted-for processes, or (iii) genuine interactions between learning systems.  627 
 628 
Current Methodological Limitations in Process Measurement 629 
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Our current methodologies fail to cleanly isolate explicit and implicit processes. Both the aim-report and 630 
PDP methods depend heavily on participants' understanding of the instructions (29), and even subtle 631 
differences in how these methods are implemented can yield divergent estimates of explicit and implicit 632 
contributions (8, 27). Our findings also highlight important methodological considerations that can 633 
obscure the apparent relationship. Specifically, the null result from t’Hart et al. (12) may stem from 634 
unclear instructions and an improper suboptimal measurement approach. In a pilot study, we found that 635 
participants' understanding of task instructions is critical for accurate dissociation of learning components 636 
(29). Without clear task comprehension, participants may conflate explicit and implicit processes or fail to 637 
engage them appropriately. 638 
 639 
The aim-report procedure requires participants to introspect about their internal state and translate this 640 
into a verbalizable response, but the very act of questioning can alter what is being measured. When 641 
asked to report their "strategy," participants face inherent ambiguity. Consider a participant adapting to a 642 
45° rotation. They may report aiming 35° opposite to the rotation when asked about their strategy, yet 643 
they may only voluntarily control 30°. The 35° represents their reportable explicit knowledge: what they 644 
believe their strategy to be or what they think they are doing (8). The 30° represents their controllable 645 
explicit knowledge: what they can actually implement or suppress voluntarily (8). This 5° discrepancy 646 
cannot be attributed to simple motor noise; it reflects a fundamental dissociation between what 647 
participants think they are doing and what they can actually control. Should they report what they believe 648 
they are doing (35°), what they can actually control (30°), their intended full compensation (45°), or what 649 
they think the experimenter expects? The critical issue is that participants themselves may not have 650 
conscious access to these distinctions, and the ambiguity confounds the relationship between implicit and 651 
explicit processes when individuals are asked to report their explicit strategies. 652 
 653 
In contrast, the PDP method seeks to minimally interfere by asking participants to express or suppress 654 
their strategy. This binary test bypasses much of the ambiguity of reporting, since it probes what 655 
participants can suppress rather than what they can articulate. However, the method raises limitations 656 
when accounting for plan-based generalization, as probing adaptation at a new location introduces 657 
additional complexity and confusion (e.g., the participant has never trained at that new location). 658 
Moreover, the PDP approach cannot provide an independent measure of explicit adaptation, leading to 659 
measurement limitations that can obscure true relationships between processes. These measurement 660 
challenges call into question studies claiming to find strong relationships between explicit and implicit 661 
adaptation. Albert et al. (13) reported substantial correlations and proposed a competition model, but 662 
critically, they inferred both explicit and implicit components from the same behavioral output without 663 
independent dissociation. This approach necessarily guarantees correlations: when both measures derive 664 
from the same reaching behavior and one is calculated as the residual of the other, mathematical 665 
dependency can create artifactual relationships. The problem is compounded when plan-based 666 
generalization is ignored. If implicit adaptation is measured at the wrong spatial location, the explicit 667 
component calculated by subtraction will be overestimated, inflating correlations further. Without truly 668 
independent measures and proper spatial alignment, it becomes nearly impossible to determine whether 669 
observed correlations reflect genuine interactions or methodological artifacts. 670 
 671 
Alternative experimental approaches have attempted to isolate specific components of adaptation. The 672 
error clamp method fixes the visual feedback at a constant angle regardless of hand movement, isolating 673 
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implicit adaptation by eliminating trial-by-trial error correction that might drive explicit strategies (15, 674 
16). Gradual versus abrupt perturbation schedules have been proposed to differentially engage implicit 675 
and explicit processes, with the assumption that gradual rotations minimize awareness and explicit 676 
strategies while abrupt rotations provoke strategic aiming (56, 57, 58). Feedback delay manipulations, 677 
which introduce temporal gaps between movement and cursor feedback, selectively disrupt implicit 678 
adaptation while leaving explicit strategies largely intact, suggesting these processes have different 679 
temporal constraints (59, 60). Finally, imposing a restriction on preparation time has been shown to blunt 680 
the application of an explicit strategy (61); however, it does not prevent strategies from being developed 681 
between trials nor does it offer a means to independently measure explicit or implicit processes without 682 
relying on another method, such as PDP or aim reports.  683 
 684 
Each of these methods seeks to privilege one process over another, with the hope that isolated 685 
components could be measured independently and then summed to reconstruct total adaptation. However, 686 
this isolation strategy encounters a fundamental problem: while these methods may successfully isolate 687 
processes at the group level, they necessarily eliminate individual differences in how these processes 688 
combine within a single person. For instance, one may utilize a more explicit strategy than implicit 689 
recalibration compared to another. At present, there is no clean method for measuring explicit and 690 
implicit adaptation that avoids either some degree of measurement interference or requires generous 691 
inferential leaps about how isolated components relate to their interaction in natural learning contexts. 692 
Alas, there appears to be something akin to an Observer Effect where we cannot measure one process 693 
without (potentially) affecting or, at least, obscuring the other process.  694 
 695 
Multiple Implicit and Explicit Processes 696 
Given the number of learning processes that have been identified in recent years, it is likely that the aim-697 
report and PDP methods do not fully capture contributions of these other processes. Beyond the broad 698 
implicit versus explicit split, multiple subprocesses likely contribute within each system. On the implicit 699 
side, use-dependent learning creates repetition-induced biases that pull movements toward recently 700 
executed directions, even when error is minimized (62, 43). Proprioceptive recalibration shifts perceived 701 
hand position and the mapping between visual and proprioceptive estimates (40, 41). In addition, recent 702 
work proposes a distinct implicit component, implicit aiming, that biases action selection rather than 703 
execution per se and shows properties different from cerebellar-dependent recalibration (e.g., distinct 704 
temporal stability and contextual modulation), suggesting separable computations within implicit learning 705 
(36).  706 
 707 
Similarly, the explicit "system" likely encompasses multiple distinct processes rather than a single unitary 708 
strategy. Algorithmic strategies involve deliberate mental rotation and geometric calculation of aiming 709 
angles, requiring working memory and executive control (38). In contrast, retrieval-based strategies 710 
involve caching and recalling successful stimulus-response associations from previous trials, more akin to 711 
declarative memory retrieval than online computation (39). These two forms of explicit adaptation may 712 
have different dynamics, different capacity limitations, and potentially different relationships with 713 
implicit processes. A participant might simultaneously engage in both algorithmic and retrieval strategies, 714 
with their relative contributions shifting across trials. They might also employ higher-order rules about 715 
when to use algorithmic versus retrieval approaches. The fact that we collapse all of these controlled, 716 
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deliberate processes under a single "explicit" estimate necessarily creates measurement error and could 717 
contribute to apparent partial additivity. 718 
 719 
The multiple subprocesses outlined here highlight, once again, the methodological limits of isolating 720 
distinct mechanisms within adaptation. The partial additivity we observe could reflect contributions from 721 
a mixture of processes and other components that were not isolated by our measures. Without 722 
independent assays for each subprocess, it remains unclear whether their contributions are additive or 723 
whether interactions among them produce differences from additivity. 724 
 725 
Higher-order Interactions between Learning Systems 726 
Beyond the complexity introduced by multiple subprocesses, these systems at a more global level can 727 
potentially engage in dynamic interactions that lead to partial additivity between the two systems. Albert 728 
et al. (13) proposed that when explicit and implicit systems are driven by a common error signal, they 729 
compete rather than cooperate. Their competition model suggests that as explicit strategies increase to 730 
reduce target error, they simultaneously suppress implicit adaptation, not through simple subtraction but 731 
through inhibition. When one system, particularly the explicit system, becomes more active in correcting 732 
the error, it reduces the error signal available to the other system, thereby influencing its learning 733 
trajectory and observed behavior.  734 
 735 
This competitive dynamic parallels findings from other learning domains. Collins and Frank (63) showed 736 
that working memory (WM) and reinforcement learning (RL) systems interact in complex ways during 737 
instrumental learning. When WM successfully maintains stimulus-response mappings and successfully 738 
guides action selection, it reduces the signal available for the RL system. Conversely, when WM capacity 739 
is exceeded, RL must compensate, but does so less efficiently. This creates a fundamental tension where 740 
WM and RL dynamically share responsibility for action selection. Their relative contributions are 741 
weighted based on their estimated reliability or value, with the more reliable system having a greater 742 
influence on behavior at any given time. Working memory gates what gets learned through reinforcement, 743 
while RL signals influence what gets maintained in working memory.  744 
 745 
Similar system-level interactions emerge between the hippocampus and basal ganglia, traditionally 746 
viewed as supporting independent declarative and procedural memory systems. Shohamy and colleagues 747 
have demonstrated that these systems engage in both competitive and cooperative dynamics depending on 748 
task demands (64, 65). During probabilistic learning, the hippocampus can actually interfere with basal 749 
ganglia-dependent habit formation by imposing explicit rules that override incremental statistical 750 
learning. In contrast, strong engagement of procedural systems can suppress hippocampal encoding of 751 
episodic details. These interactions are mediated by shared neuromodulatory signals, particularly 752 
dopamine projections from the midbrain that simultaneously influence both systems but with opposite 753 
effects depending on the specific receptors and circuits involved. 754 
 755 
If implicit and explicit systems compete for error signals (13), share dynamic control based on their 756 
capacity (63), and receive conflicting neuromodulatory signals (64), then their contributions cannot 757 
simply be summed. Instead, engaging one system necessarily changes how the other operates. People 758 
with stronger working memory might show weaker implicit adaptation because their cognitive control 759 
systems more effectively suppress automatic recalibration (66, 67). Such interactions could produce the 760 
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pattern of partial additivity we observe — a compensatory tradeoff that nonetheless falls short of strict 761 
summation. 762 
 763 
Challenges with Current Taxonomic Frameworks 764 
The persistent challenges in demonstrating additivity highlight a more fundamental issue: we are trying to 765 
measure and categorize learning processes using taxonomic frameworks that may not align with how 766 
these processes are actually organized. The explicit-implicit distinction has a long historical tradition, 767 
originating from studies of patient H.M. and other cases of amnesia that revealed dissociations between 768 
conscious recollection and preserved motor skills (2, 35). However, this distinction was originally 769 
developed for memory systems, not necessarily for the processes underlying motor adaptation. As studies 770 
have revealed increasing complexity within motor adaptation, multiple implicit/explicit processes and 771 
potential interactions between them, alternative frameworks have been proposed to better capture the 772 
underlying adaptation mechanisms. Yet, there remains no consensus on which framework best 773 
characterizes the space of learning processes. 774 
 775 
One proposed alternative focuses on controllability rather than explicit awareness or knowledge. As 776 
Maresch and colleagues (8) proposed that we should differentiate between reportable explicit knowledge 777 
(the ability to describe the strategy being applied) and controllable explicit knowledge (the ability to 778 
deliberately choose to implement it). These reflect different aspects of conscious motor control and 779 
should not be treated as interchangeable. Reconceptualizing the framework around controllable versus 780 
uncontrollable components offers certain advantages. It avoids some of the ambiguity between explicit 781 
and implicit by focusing on what participants can actually modulate in behavior rather than what they can 782 
verbalize. This distinction may align better with experimental manipulations like the PDP, which 783 
operationalizes implicit learning as what persists when participants try to suppress their learned behavior. 784 
 785 
Another alternative framework organizes processes by their goals: action selection versus action 786 
execution (36). This framework distinguishes between processes that determine which action to perform – 787 
where to move – in order to achieve a task goal (action selection) versus processes that ensure the selected 788 
movement is accurately implemented (action execution). Critically, action execution is hypothesized to be 789 
intrinsically implicit, operating in an automatic, obligatory manner (e.g., implicit recalibration, use-790 
dependent learning at the execution level). In contrast, action selection can engage both explicit processes 791 
(e.g., deliberate strategic aiming) and implicit processes (e.g., implicit aiming, habits). This framework 792 
offers explanatory power for previously conflicting findings. Processes like implicit aiming that 793 
contribute to action selection show savings and contextual sensitivity, while processes like implicit 794 
recalibration that contribute to action execution show anti-savings and are context-insensitive. These 795 
distinct patterns reflect fundamentally different computational goals – flexible selection to optimize task 796 
performance versus automatic execution to maintain calibration – rather than simply different levels of 797 
explicit awareness. This proposed action selection and execution framework shares some conceptual 798 
overlap with the controllable–uncontrollable framework, but they place the distinction at different levels 799 
and viewpoints: the former emphasizes the goal of what is being learned (selection vs. execution), 800 
whereas the latter emphasizes how that learning is expressed or modulated. 801 
 802 
At present, there is no consensus on the optimal taxonomic framework for characterizing motor 803 
adaptation. The explicit-implicit distinction remains the most commonly used framework, partly due to 804 
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historical precedent and the availability of measurement techniques designed around this dichotomy. But 805 
any framework will begin with different assumptions about what matters most, which in turn shapes the 806 
experimental manipulations employed and how the results are interpreted. Future work will need to 807 
develop conceptual frameworks and measurement approaches that can better capture the multi-808 
dimensionality and complexity of motor learning processes. 809 
 810 
Assumptions and Limitations of Additivity Testing 811 
Our tests of linear additivity rest on several assumptions that warrant explicit consideration. First the 812 
residual test (D = A - (I + E)) requires that all three measures reflect the same underlying state. However, 813 
total adaptation (Top-up trials) was measured with feedback, while implicit (aftereffect) and explicit 814 
(Inclusion - Exclusion) measures were obtained during no-feedback phases. If implicit or explicit 815 
components changed between these measurement points, due to temporal decay, instructional effects, or 816 
context-dependent expression, then D ≠ 0 could reflect temporal instability rather than true non-additivity. 817 
The consistent offset between exclusion and aftereffect measures (Supplementary Figure S5c) illustrates 818 
this challenge. Our design attempted to minimize this by using Top-up trials temporally proximal to the 819 
PDP probes while maintaining adaptation, but some mismatch may be unavoidable. 820 
 821 
Second, the expected slope under additivity depends critically on how total adaptation is operationalized. 822 
As our simulation benchmarks demonstrated, using Top-up trials versus Inclusion trials as total 823 
adaptation yielded different expected slopes, and consequently different conclusions about whether the 824 
observed data deviate from strict additivity. This sensitivity underscores that the -1 benchmark is not 825 
universal but depends on the variance structure of the specific measures used (see 20). We presented 826 
simulations under both operationalizations to allow readers to evaluate our findings under different 827 
assumptions. Regardless of operationalization, both groups showed significant negative slopes, 828 
confirming that implicit and explicit processes trade off. Whether this tradeoff reaches strict additivity or 829 
reflects partial additivity depends on measurement choices. 830 
 831 
Lastly, our explicit measure (Inclusion - Exclusion) is not fully independent of the implicit component 832 
measured at probe time. While our primary implicit measure (aftereffect) is independent of both Inclusion 833 
and Exclusion trials, the explicit measure inherits variance from both trial types. This coupling could 834 
introduce systematic biases in the slope estimate. 835 
 836 
Conclusion 837 
While strict additivity fails — implicit and explicit measures do not perfectly sum to total adaptation — 838 
the two processes nonetheless trade off in a compensatory manner, consistent with partial additivity. This 839 
pattern is robust across both measurement approaches and both experimental groups. In the aiming group, 840 
aligning the probe location with participants' actual aiming direction and minimizing delay strengthened 841 
the observed tradeoff, confirming that spatial and temporal factors affect the detectability of the implicit-842 
explicit relationship. However, the systematic deviation from strict additivity was consistent across 843 
conditions, suggesting it reflects factors beyond plan-based generalization and temporal decay. Whether 844 
the remaining gap stems from methodological imprecision, the operation of additional learning processes 845 
that combine in ways not captured by current methods, or genuinely nonlinear interactions between 846 
learning systems remains an open question. Resolving this will require novel methodologies that can 847 
independently assay the multiplicity of learning processes to determine whether they truly add up. 848 
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Figure 1. Different paradigms are used to dissociate implicit and explicit processes and how plan-1022 
based generalization and temporal decay may affect the relationships between implicit 1023 
recalibration and explicit strategy. Aim-report paradigm: (a) Explicit adaptation measured via 1024 
movement intention reports; implicit adaptation calculated as total adaptation minus reported aim. (b) 1025 
Provides trial-by-trial component measures. PDP paradigm: (c) Inclusion trials measure total adaptation 1026 
while Exclusion trials isolate implicit adaptation through strategy suppression; (d) Explicit adaptation is 1027 
derived from differences between Inclusion and Exclusion. (e) Plan-based generalization: Implicit 1028 
adaptation peaks at the aiming location rather than the target location. (f) Temporal decay: Adaptation 1029 
exhibits two components: a volatile component that nearly vanishes, and a persistent component that 1030 
remains after 30 to 120s delay (recreated from Zhou et al. 2017). 1031 
 1032 
Figure 2. Experiment setup and design. (a) Participants performed fast-reaching movements by sliding 1033 
a stylus on a digital tablet positioned under the monitor, which presented the visual workspace. (b) 1034 
Example schematic of Inclusion trials (top) and Exclusion trials (bottom) for the target at the training 1035 
location (left) and at the aiming location (right). (c) Experiment time course. The study employed a 2×2 1036 
within-subject design (Target Location: at training or at aiming locations × Delay: 1-min delay or no 1037 
delay), resulting in four Process Dissociation Procedure (PDP) blocks. 1038 
 1039 
Figure 3. Significant but partially additive relationships between explicit and implicit adaptation. 1040 
(a) Time course of hand angle and aim report across trials. Solid lines show hand angle for aiming (blue, 1041 
n = 29) and control (red, n = 29) groups; dashed green line shows aim report for the aiming group; grey 1042 
line indicates the imposed rotation. Shaded regions represent 95% bootstrap CIs. (b, c) Hand angles 1043 
during Top-up, Exclusion, and Inclusion trial blocks for (b) the aiming group with aim reports and (c) the 1044 
control group without aim reports. Boxes indicate 95% CIs; dots show individual participants (circles: 1045 
aiming group; squares: control group). (d, e) Relationship between explicit and implicit adaptation for (d) 1046 
the aiming group across the 2×2 factorial design (Target Location × Delay) and (e) the control group 1047 
collapsed across conditions. Colored lines show regression fits with the significance of the slopes (β) 1048 
indicated. Grey diagonal lines represent the predicted inverse relationship under perfect linear additivity, 1049 
where explicit + implicit = total adaptation. 1050 
 1051 
Figure 4. Distribution of bootstrapped slopes in aiming and control groups vs the linear additivity model. 1052 
Colors denote different groups. Dark gray = linear additivity (Top-up as total adaptation); light gray = 1053 
linear additivity (Inclusion as total adaptation); blue = aiming group; red = control group. 1054 
 1055 
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Table 1. Regression slopes between implicit and explicit adaptation across experimental conditions. Note: β represents the 
regression slope between implicit recalibration and explicit strategy. Under perfect linear additivity, the expected slope is -1.0. 
Bootstrap confidence intervals and p-values derived from 1,000 iterations. 

Group Target Location Delay Slope (β) Confidence Interval  p-value 
  

Aiming 
Training No -0.197 [-0.346, -0.047] 0.010 

  1-min  -0.158 [-0.266, -0.031] 0.024 
Aiming No -0.588 [-0.712, -0.477] < 0.001 

  1-min -0.401 [-0.575, -0.217] 0.001 
 Control   -0.388 [-0.671, -0.156] 0.002 

Downloaded from journals.physiology.org/journal/jn at Princeton Univ Library (140.180.240.002) on May 6, 2026.



Table 2. Comparison of observed slopes against simulation benchmarks under two operationalizations of total adaptation. 
Observed slopes reflect the collapsed analysis (aftereffect as implicit, Inclusion - Exclusion as explicit). Top-up benchmark 
simulates additivity using Top-up trials as total adaptation; Inclusion benchmark uses Inclusion trials. Differences indicate 
observed minus simulated slope; negative values indicate observed slopes were shallower than predicted. 
 

Group Observed Slope (95% CI) 
Benchmark 1: Top-up 

as A (95% CI) 

Difference 
from 

Benchmark 
1 (p) 

Benchmark 2: Inclusion 
as A (95% CI) 

Difference 
from 

Benchmark 
2 (p) 

Aiming -0.281, [-0.408, -0.148] -1.001, [-1.039, -0.958] <0.001 -0.438, [-0.649, -0.234] 0.209 

 Control -0.388, [-0.671, -0.156] -1.001, [-1.039, -0.958] <0.001 -0.438, [-0.649, -0.234] 0.903 
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Explicit and implicit adaptation trade off but do not 
perfectly sum — and whether slopes match additivity 

depends on how total adaptation is measured.
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