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SUMMARY

Strategic behavior in sensorimotor adaptation tasks is typically described as either a gradual error-minimization 

process or as a process of learning through trial and error. The former predicts a gradual monotonic reduction in 

error, until some asymptote, while the latter predicts behavioral exploration to discover an efficacious solution. 

Another explanation is that a sufficiently rich understanding of the task culminates in an ‘‘Aha!’’ moment and that 

this richer understanding naturally entails a new strategy. This predicts some period of perseveration in baseline 

behavior, followed by an abrupt shift to a new strategic solution. To avoid obfuscation caused by the motor sys

tem, we first investigated these hypotheses in a strategy-only aiming game, where participants aim and fire a 

cannon at targets. Most participants exhibited a period of baseline perseveration followed by a single-trial shift 

to a distinct strategy. This strategy typically appears to produce the correct compensatory magnitude for a 

noisily estimated perturbation, as well as substantial variability in compensatory sign. We then applied the 

same analyses to reaching data from a visuomotor rotation task that inhibited implicit adaptation through delay

ing feedback presentation. Similarly, we found that participants typically perseverated in reaching toward the 

target before suddenly switching, in a single trial, to good performance in compensatory magnitude. We fit 

our generative ‘‘Aha!’’ model to 1,337 participants across several datasets and show that it faithfully captures 

these phenomena. Our findings highlight the need to update existing models to account for the abrupt, 

insight-driven shifts that characterize individual human responses to sensorimotor perturbations.

INTRODUCTION

Correcting for movement errors is integral to the success of an 

embodied agent. Humans can strategically modify their behavior 

to expedite this error-correcting process.1–9 While recent prog

ress has been made in enumerating core strategic phenomena 

and in formulating frameworks from which to investigate these 

phenomena,10 our understanding of strategic error correction re

mains shallow.

Traditionally, strategic behavior in visuomotor rotation (VMR) 

tasks has been characterized as a gradual error-reduction pro

cess. This view predicts a gradual, monotonic increase in 

learning that tends toward some asymptote, typically modeled 

by a state-space model (SSM).3,8,11–13 While consistent with 

group-averaged learning curves, it is unclear if the individual 

time course of learning evolves in the same manner. Indeed, 

this gradual monotonic group curve can result from averaging 

together individual learning trajectories, each of which following 

distinct underlying dynamics.14,15

Thus, we should also consider that strategic behavior may 

instead reflect trial-and-error learning, where actions are selected 

based on their expected value or inferred efficacy. Here, the agent 

explores action space (or hypothesis space) to discover an effica

cious solution. In this view, the evolution of behavior is either the 

result of a reinforcement learning (RL) process or of updating a 

set of hypotheses about the context, from which the efficacy of 

actions is inferred.8,10,11,16–24 Learning in this manner typically 

generates clear signals of behavioral exploration before settling 

on a strategy. These behavioral patterns are inconsistent with, 

and dissociable from, gradual error reduction.

Importantly, the RL and hypothesis-testing accounts are both 

incomplete. They assume that the agent’s initial task representa

tion entails a strategy space that is conducive to discovering effi

cacious strategies. Therefore, we propose that a key component 

of strategic learning, ignored by extant theories, is the initial pro

cess of changing one’s representation of the task and how one’s 

goals relate to the task. Moreover, this initial updating of the task 

representation may naturally entail an efficacious strategy and 

eat much of the lunch of the trial-and-error accounts.

Indeed, there is much research on the ‘‘Aha!’’ moment. This 

‘‘Aha!’’ moment may reflect a gain of insight—a qualitatively 

richer understanding of the task and its demands—that pro

ceeds from reorganizing one’s internal representation of the 

problem.25–30 This kind of sudden learning has been observed 
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in many areas of cognitive problem solving, such as the com

pound-word remote associations task,31 anagrams,32 rebus 

puzzles,33 and the nine-dot problem and its variations,34 among 

others.35,36 Furthermore, we know from work by Manley et al.37

that awareness of critical task properties may be required in 

learning to change reach directions, and work on consciousness 

suggests that this awareness may be all or none, rather than 

gradual.38

The strategic problem presented during the baseline (veridical) 

phase of a VMR task may be simply formulated as the require

ment to aim at the target before firing. A change in the action- 

feedback mapping renders this parsimonious and effective 

representation uninformative as to how to act successfully. By 

reorganizing this representation to embody more semantic and 

relational information, an appropriate solution can be brought 

psychologically closer.39 For example, when the action-feed

back mapping is modified, a representation of the task that en

codes a relationship between the aimed direction and the feed

back direction would more naturally lead to an efficacious aiming 

solution. Learning would manifest, behaviorally, as a period of 

perseveration of baseline behavior, followed by a sudden, sub

stantial shift in behavior following the ‘‘Aha!’’ moment. Indeed, 

this idea has been raised before in the VMR literature.9,10

To date, it has remained difficult to elucidate the true nature of 

strategic behavior in VMR tasks as extant task designs tend to 

leave strategic behavior inextricably linked to implicit adaptation 

and other contaminants of the motor system. This is either 

because one measure is used to infer the output of two or 

more processes, where it is difficult to correctly assign credit 

to these underlying processes,40 or because these processes 

interact in a way that we do not currently understand. To make 

matters worse, different methods of probing strategic behavior 

generate distinct patterns of results.41–43 This is likely because 

each method changes the nature of the interaction between 

the strategic system and the motor system. A different approach 

is to first understand each subprocess in relative isolation, such 

that we can use the findings as priors when studying the whole 

process. We can already remove implicit learning from the stra

tegic context by presenting consistent clamped feedback that is 

irrelevant to performance.44 We aim to complement this by 

isolating strategic learning from the motor-learning context while 

enforcing the same strategic demands.

Here, we investigated aiming behavior in a series of cannon- 

shooting tasks where the participant had to overcome a rotation 

of the visual feedback (Figure 1A). We found that aiming behavior 

evolved in a manner that was consistent with an ‘‘Aha!’’ moment, 

not merely trial-and-error learning or gradual error minimization. 

This pattern of baseline perseveration, followed by a delayed sin

gle-trial shift to good performance in magnitude, is clear both 

visually and through formal model comparison. We quantitatively 

A

C

B

Figure 1. Strategic responses to VMRs were isolated in a canon aiming game 

(A) The participant must aim the cannon to shoot at a target. The cannon is rotated using the ‘‘A’’ and ‘‘D’’ keys and fired using the ‘‘spacebar’’ key. 

(B) Aiming behavior over the course of experiments 1a, with one target location (left), and 1b, with eight target locations (right). Points show group means, error 

bands show 95% CIs, and dashed lines indicate ideal aim angles. 

(C) Aim angles during the final trial or cycle for experiments 1a (left) and 1b (right). The boxplots show the quartiles of the data, the whiskers bars show 1.5× the 

interquartile range, and the points show individual data.

ll
OPEN ACCESS

2 Current Biology 36, 1–13, May 18, 2026 

Please cite this article in press as: Townsend et al., An Aha moment precedes the strategic response to a visuomotor rotation, Current Biology (2026), 

https://doi.org/10.1016/j.cub.2026.04.021

Article 



A

D E

F

C

B

Figure 2. In experiments 2a and 2b, the cannon gradually learned to autocorrect for the feedback rotation 

(A and B) The direction of cannonball flight (purple) is equal to autocorrection (red) + re-aiming (blue) − feedback rotation (gray). Time course of learning for the 

autocorrection module when a participant doesn’t adjust his or her aim and time course of learning when a participant learns to re-aim, respectively. Top row: the 

contribution of each learning system (human re-aiming and cannon autocorrection) and the task outcome on a given trial. Bottom row: internal state of 

the autocorrection module (red) generalizes around the workspace. 

(C and D) Performance in the 45◦ condition, under one-target (C) or eight-target (D) experiments. 

(legend continued on next page) 
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confirmed that our task presented similar strategic demands as 

in a standard VMR task and then carried out the same modeling 

analyses on a previous dataset from a delayed-feedback VMR 

task45 as well as on the comparator study itself.1 We found the 

same pattern of results, where almost all participants were better 

described by an ‘‘Aha!’’ moment than by trial-and-error learning 

or gradual error minimization.

RESULTS

Experiment 1

We set out to characterize aiming behavior in a shooting task, 

where participants must aim and fire a cannon to hit targets 

(Figure 1A). This experiment removes the presence of any 

implicit motor learning (e.g., adaptation). In condition a, partic

ipants were exposed to either the ±15◦, ±30◦, and ±45◦ rota

tions or the ±45◦, ±60◦, and ±90◦ rotations at a single target. 

Participants quickly learned to compensate for all rotation 

sizes by aiming in the opposite direction (Figure 1B, left).

During the baseline phase, there was no bias in aiming (t tests 

against zero; Bonferroni-corrected p > 0.334). By the final five 

rotation trials of the block, for all rotation sizes, participants 

had learned to compensate for the feedback rotation 

(Figure 1C, left; t tests against zero; p < 0.001). By the final 

five rotation trials, the 90◦ group still aimed differently to the 

ideal aim angle (95% confidence interval [CI], 80.12◦, 88.33◦, 

t(45) = 2.83, p = 0.034), but aiming in all other groups was not 

different from the ideal (t tests against ideal; p > 0.146). For 

all rotations (p > 0.467), except 90◦ (95% CI, 62.75◦, 81.98◦, 

t(45) = 3.69, p = 0.002), this ideal aim angle was already 

achieved by the middle five trials. After the first washout trial, 

there was no residual bias in aiming (t test against zero; 

p > 0.103).

In condition b, five new groups of participants were each 

exposed to one of ±15◦, ±30◦, ±45◦, ±60◦, or ±90◦ rotations. 

With eight target locations, this condition comprised a single 

block presenting one rotation size. For all groups, there was no 

bias in baseline aiming (p = 1), and by the final five rotation cy

cles, aims were non-zero (Figure 1C; p < 0.001). During this 

late-rotation phase, aiming was smaller than ideal in the 30◦

group (95% CI, 25.4◦, 28.65◦, t(57) = 3.67, p = 0.002), 45◦ group 

(95% CI, 38.95◦, 43.09◦, t(56) = 3.86, p = 0.001), 60◦ group (95% 

CI, 52.17◦, 56.36◦, t(56), p < 0.001), and the 90◦ group (95% CI, 

61.7◦, 88.32◦, t(53) = 5.48, p < 0.001) but not in the 15◦ group (p = 

0.646). During the middle five cycles, aiming in all groups was not 

ideal (p < 0.002). After the first washout cycle, there remained a 

small bias in aiming toward the previously ideal angle in the 15◦

(95% CI, 0.24◦, 0.98◦, t(54) = 3.33, p = 0.007) and 60◦ (95% CI, 

0.12◦, 0.54◦, t(56) = 3.1, p = 0.015) groups but not in others 

(p > 0.094).

Experiment 2

The second experiment brought the aiming requirements closer 

to those in a VMR task by adding in an autocorrection module 

to the cannon (Figures 2A and 2B). The autocorrection module 

automatically and covertly corrected for task error in a mono

tonic fashion (using an SSM; STAR Methods ). Participants 

learned to compensate for all feedback rotations. The initial 

rapid increase in aiming was followed by a slow decrease. 

Combined with the autocorrection module, this caused the 

cannonball to continue going toward the target region 

(Figures 2C and 2D).

Experiment 2a used a single target position. Participants were 

exposed to either the ±15◦, ±30◦, and ±45◦ or the ±45◦, ±60◦, 

and ±90◦ rotations. During the baseline phase, there was no 

bias in aiming for any rotation size (p > 0.441). The cannonball 

angle (aim + autocorrection) during the final five trials was not 

different from the ideal angle in any rotation group (p = 1). After 

the first washout trial, aiming under all rotations was biased in 

the direction opposite the previously ideal angle (p < 0.001). 

This effect was because of the persisting effects of the autocor

rection module, whose learned bias now offset the cannonball 

angle in the opposing direction (p < 0.001).

Experiment 2b used the target layout from 1b, and each partic

ipant was exposed to one of ±15◦, ±30◦, ±45◦, ±60◦, or ±90◦ rota

tions in a task comprising a single block. During the baseline 

phase, there was no aiming bias for any group (p > 0.356). In the 

middle five cycles of the task, a t test versus the ideal angle re

vealed that participants already fully compensated for the 15◦ rota

tion (95% CI, 14.07◦, 15.26◦, t(57) = 1.122, p = 1) but not in any other 

group (p < 0.02). The mean (±SD) number of cycles until peak aim 

was 8.24 (±10.94), 8.12 (±8.56), 9.98 (±10.7), 12.65 (±10.57), and 

15.69 (±11.97) for the 15◦, 30◦, 45◦, 60◦, and 90◦, respectively, 

such that participants tended to reach their peak aims later in the 

experiment under larger rotations (Figure 2F, rightmost). During 

their cycle of peak aim, participants aimed 15.54◦ (±6.85◦), 

30.95◦ (±4.39◦), 46.18◦ (±12.14◦), 65.94◦ (±14.3◦), and 94.92◦

(±7.39◦), in their respective groups. By the final rotation cycle, aim

ing reduced to 3.24◦ (±3.43◦), 18.18◦ (±4.58◦), 27.94◦ (±8.73◦), 

47.95◦ (±11.91◦), and 73.68◦ (±18.41◦), respectively.

Direct comparison with VMR task

To explore whether aiming behavior is consistent with that 

observed in VMR tasks, we now directly compare key properties 

of learning between experiment 2b and the eight-target experi

ment of Bond and Taylor (Figures 2E and 2F). We find a general 

similarity between the two datasets, indicating that insights 

discovered using Cannon Game may generalize to VMR tasks.

A 2 (experimental paradigm; explicit versus reaching) × 5 

(rotation size) × 3 (learning phase) ANOVA on aim angles found 

a main effect of experimental paradigm (F(1, 933) = 20.111, 

(E) Performance during the rotation phase in experiment 2b (blue) compared with data from Bond and Taylor (2015; orange). Autocorrection model (SSM) pa

rameters were fit to implicit learning in Bond and Taylor (STAR Methods). Autocorrection/implicit learning and cannonball flight/hand angle are included for 

transparency but de-emphasized as the aiming comparison is primary. 

(F) Comparison of summary statistics for each rotation size. In order, from left to right: each participant’s greatest cycle-averaged aiming value; each participant’s 

aiming value on the final rotation cycle; each participant’s final aim subtracted from their peak aim; the cycle number at which each participant’s peak aim was 

observed. 

For (C)–(E), points show group means, and error bands show 95% CIs. For (F), the boxplots show the quartiles of the data, the whiskers bars show 1.5× the 

interquartile range, and the points show individual data.
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p < 0.001, ηp
2 = 0.021, 95% CI [0.006, 0.044]), which varied de

pending on rotation size (F(4, 933) = 8.434, p < 0.001, ηp
2 = 0.035, 

95% CI [0.017, 0.065]). We found no interaction effect of learning 

phase × paradigm (F(2, 933) = 1.165, p = 0.312, ηp
2 < 0.001, 95% 

CI [0.000, 0.013]) or the three-way interaction (F(8, 933) = 0.745, 

p = 0.651, ηp
2 = 0.006, 95% CI [0.004, 0.031]). Post hoc pairwise 

comparisons (simple effect of paradigm at each rotation size) re

vealed an effect for the 90◦ rotation (95% CI, 5.8◦, 14.7◦, t(23.1) = 

4.76, p < 0.001, Cohen’s d = 1.116) but for no other rotation 

(p > 0.433). Between the two experiments, there was no differ

ence in the cycle index of peak aim for any rotation (p > 0.129; 

Figure 2F, right). Within this cycle of peak aiming, there was no 

difference in aiming for any rotation (p > 0.085). In the final rota

tion cycle, there was also no difference in aiming (p > 0.363; 

Figure 2F, second). There was a greater decrease in aiming 

(the difference between peak aim and final-cycle aim) in Cannon 

Game (12.3◦) than Bond and Taylor (6.89◦) for the 15◦ rotation 

(95% CI, 1.86◦, 8.95◦, t(66) = 3.05, p = 0.017, Cohen’s d = 

1.04) but no other (p > 0.087; Figure 2F, third).

Elucidating the ‘‘Aha!’’ moment

The group learning curve evolves in a gradual, monotonic fashion 

until reaching asymptote. However, this gradual, monotonic 

group curve could result from averaging over individual func

tions, which may not be gradual and monotonic themselves.14,15

To investigate this possibility, we began by finding the hypoth

esized ‘‘Aha!’’ moment for each participant of every dataset, us

ing the model-free pruned exact linear time (PELT) algorithm 

(STAR Methods). For example, in Figure 3A, we can see an 

exemplar from 3 different experimental paradigms. On these 

plots, the ‘‘Aha!’’ trial demarcates a discontinuity between base

line-like aiming behavior and some newly adopted aiming strat

egy. Each exemplar exhibits sign-flip errors in the early section of 

their post-‘‘Aha!’’ aiming, indicating that the ‘‘Aha!’’ moment did 

not result in an efficacious strategy en toto.

To accommodate the separate timescales in learning sign and 

magnitude, we look at the aiming magnitude in isolation. Then, to 

meaningfully aggregate across participants, we realigned the 

chronology of their aiming data such that each individual’s first 

post-‘‘Aha!’’ trial was at trial t = 0. We can see in Figure 3B that 

aiming on trial t = − 1 was tightly grouped near zero; indeed, aim

ing magnitude during the pre-‘‘Aha!’’ trial was not different from 

the baseline in any group in experiments 1b, 2b, Bond and Tay

lor, or Brudner et al. (p > 0.12).

This baseline perseveration was followed by an abrupt single- 

trial shift to good magnitude performance. Aim magnitudes on 

the ‘‘Aha!’’ trial, in all experiments (including Bond and Taylor 

and Brudner et al.), were similar to the ideal magnitude 

(p > 0.16). Some participants intermittently return to their baseline 

strategy during the early post-‘‘Aha!’’ phase (Figure 3E), such that 

the aiming magnitude on the following eight trials was significantly 

below the ideal (e.g., Figure 3C). The ‘‘Aha!’’ moment typically 

occurs within a few trials (Figure 3D) and is followed by frequent 

sign-flip errors (Figure 3F). A sign-flip error is where the aiming 

magnitude is roughly correct, but the sign is in the wrong direction.

Is there any learning or exploration before the ‘‘Aha!’’ 

moment?

So far, the data strongly suggest the presence of an ‘‘Aha!’’ 

moment that manifests in an abrupt single-trial shift to a new 

strategy. However, it may be that subtle learning or exploration 

occurs before this apparent ‘‘Aha!’’ moment. This might indicate 

that the true learning process is one of trial and error. To investi

gate this, we quantitatively test for any signs of learning or explo

ration before the ‘‘Aha!’’ moment.

We first tested if there was any difference in aiming variability 

between the pre-‘‘Aha!’’ and baseline phases (Figure 4A). To 

avoid any sample-size bias effects, we used the same number 

of trials from each phase. If exploration were present, we would 

expect an increase in aiming variability in the pre-‘‘Aha!’’ phase. 

We found no difference in any dataset (p > 0.075) apart from 

Brudner, where a significant decrease was observed (baseline, 

8.39◦ [95% CI, 6.5◦, 11.88◦]; pre-‘‘Aha!’’, 5.14◦ [95% CI, 4.03◦, 

6.29◦]; t(19) = 2.24, p = 0.038), likely because two participants 

showed abnormally high variability during baseline (Figure 4A) 

or because participants continued to improve their baseline- 

strategy execution during the pre-‘‘Aha!’’ rotation phase.

We submitted these pre-‘‘Aha!’’ rotation-phase data to a test 

of significant error correction rate (i.e., the average trial-wise 

correction for errors), using one-sample t tests against zero 

(Figure 4B). If any learning were present, we would expect a pos

itive error correction rate. The correction rate was not different 

from 0 in any rotation size of any dataset (p > 0.09), except 

that of Brudner et al., which was significantly negative (− 0.081, 

95% CI, − 0.15, − 0.05, t(19) = 2.79, p = 0.012), indicating a small 

drift in the wrong direction.

Together, these results reinforce our earlier findings that this 

pre-‘‘Aha!’’ rotation-phase aiming appears to be no different 

Figure 3. An ‘‘Aha!’’ moment precedes the generation of a new strategy 

(A) Examples of individual aiming behavior (blue) over time in eight-target vanilla Cannon Game (left), Bond and Taylor (middle), and Brudner et al. (right). Note the 

change in y-scale. The algorithmically detected ‘‘Aha!’’ trial is highlighted in cyan (see STAR Methods for details on PELT algorithm), and for Bond and Taylor, 

implicit learning is in red. 

(B) All participant aim magnitudes for the trial immediately preceding their respective ‘‘Aha!’’ moment (left) and on the subsequent trial (right), for vanilla Cannon 

Game (top) and Brudner et al. (bottom). 

(C) De-signed aiming magnitude over time for vanilla Cannon Game (top), Brudner et al. (middle), and Bond and Taylor (bottom), where each individual’s data have 

been realigned such that trial 0 is the first trial at which a new strategy has been observed for that participant. 

(D) Histogram of the number of rotation-phase trials before each participant’s respective ‘‘Aha!’’ moment for vanilla Cannon Game (left) and Brudner et al. (right). 

(E) Distribution of all participant’s aim signed aim angles for the first eight trials following their respective ‘‘Aha!’’ moments (including the ‘‘Aha!’’ trial), for the 45◦

group of the eight-target vanilla Cannon Game. 

(F) Proportion of aims having the correct (blue) and incorrect (red) sign over time, during the rotation phase, for vanilla Cannon Game (left) and Brudner et al. (right). 

Solid lines are the ‘‘Aha!’’ model aiming sign proportions. These data are realigned to each individual’s respective ‘‘Aha!’’ moment and include only the aims that 

were >15◦ away from the target. Error bands = 95% CIs. 

See also Figure S1.
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from baseline aiming and exhibits no signs of exploration or error 

correction.

Model-based analysis

We now employed model-based analyses to more directly test 

our ‘‘Aha!’’ hypothesis against other explanations of strategic 

behavior. We used three models in this analysis: for gradual, er

ror-based learning, we used a single-process SSM (which yields 

a better BIC than a dual-process SSM; Figure S2); for trial-and- 

error learning, we introduce a novel variant of the Q-learning al

gorithm, which learns separate Q-functions for sign and magni

tude; and to model the ‘‘Aha!’’ moment, we embed our 

Q-learning algorithm within a two-state hidden Markov model 

(HMM). This ‘‘Aha!’’ model must infer that the prediction error 

is relevant before it learns to compensate, which typically results 

in a single-trial learning explosion after some arbitrary period of 

baseline perseverance (Figure S3).

We fit all three models to the first block of each individual’s 

aiming data in all experiments (see STAR Methods for details). 

Parameter fits for all models can be seen in Figure S3. Of the 

777 participants across all datasets, 752 participants were 

best fit by the ‘‘Aha!’’ model according to BIC scores 

(Figure 5E; we also fit the models to Ding et al.,46 and the 

‘‘Aha!’’ model yielded the lowest BIC for 549 out of 560 partici

pants; Figure S1G). As can be seen in Figure 5A, the ‘‘Aha!’’ 

model replicates the abrupt shift from baseline aiming to 

correctly adjusting its compensatory magnitude for the noisily 

estimated feedback rotation (see also Figures S1A and S1B). 

The ‘‘Aha!’’ model also reproduces the pattern of sign flips and 

intermittent recurrence of the baseline strategy, while the SSM 

fails to display any of these behaviors (Figures 5B and 5C).

To quantify the fidelity of each model to the human data, we 

submit the mean rotation-phase predictive policy of each model 

to a Watson’s U2 test against the respective human distribution. 

The U2 metric is a measure of similarity between two cumulative 

distribution functions (CDFs) on the circle (lower is better). The 

Bond and Taylor dataset was excluded from this analysis as 

the possible aim locations were in increments of 5.625◦, leading 

to aberrant behavior. Watson’s U2 favored the ‘‘Aha!’’ model 

across all rotation sizes in all experiments, including Ding et al. 

(t > 4.03, p < 0.001, Cohen’s d > 0.65).

These findings, combined with the visualizations in Figures 5

and S1, further evidence the presence of an ‘‘Aha!’’ moment. 

Moreover, they indicate that our ‘‘Aha!’’ model accurately 

A

B

Figure 4. Pre-‘‘Aha!’’ rotation-phase aiming behavior does not differ from baseline aiming behavior 

(A) Trial-to-trial aiming variability during baseline (blue), pre-‘‘Aha!’’ rotation phase (orange), and post-‘‘Aha!’’ rotation phase (green) for vanilla Cannon Game (left) 

and Brudner et al. (right). Significance results of paired t tests are shown; the key test result of baseline versus pre-‘‘Aha!’’ rotation-phase aiming variability is in 

black. 

(B) Error correction rate during pre-‘‘Aha!’’ rotation-phase for vanilla Cannon Game (left) and Brudner et al. (right). Significance results of one-sample t tests are 

shown. These analyses used matched-window sizes, such that if the participant has n pre-‘‘Aha!’’ rotation-phase trials, then only the last n baseline and first in 

post-‘‘Aha!’’ trials are used. Only participants with at least two pre-‘‘Aha!’’ rotation trials were included in the variability and error correction analyses.
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Figure 5. Human aiming behavior is more similar to the ‘‘Aha!’’ model than to gradual error-based learning or Q-learning 

(A) Human aiming magnitude (points) and mean ‘‘Aha!’’ model predictive policy distribution (contours) over time, for vanilla Cannon Game (left), Brudner et al. 

(middle), and Bond and Taylor (right), using data realigned such that trial 0 is the first trial after each individual human’s algorithmically detected ‘‘Aha!’’ moment. 

(legend continued on next page) 
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captures much of human behavior, whereas gradual error mini

mization or mere trial-and-error learning does not.

DISCUSSION

Strategic behavior in VMR tasks is commonly characterized as 

either a gradual error-minimization process or as a process of 

trial-and-error learning. We sought to test these hypotheses on 

isolated strategic behavior. We found that individual learning 

functions often do not gradually increase toward the ideal aim 

angle, nor do they typically appear to explore various strategies 

as predicted by typical trial-and-error learning accounts. 

Instead, most individuals perseverate in aiming at the target 

before experiencing an ‘‘Aha!’’ moment and suddenly shifting 

their aiming magnitude to compensate for a noisily estimated 

feedback perturbation. The correct sign often takes additional 

time to be learned. Some people do adopt a strategy that is 

entirely unlike the optimal strategy, but they still exhibit the 

same ‘‘Aha!’’ moment before its adoption.

We re-examined data from a delayed-feedback VMR task, 

which had no aim reports or prompts,45 and uncovered the 

same hallmarks of an ‘‘Aha!’’ moment. We find further support 

for the ‘‘Aha!’’ hypothesis in a recent dataset,46 although the 

‘‘Aha!’’ moment was expedited (and likely corrupted) by an 

explicit instruction to explore aiming strategies. Model-based 

analyses corroborate the presence of an ‘‘Aha!’’ moment.

Strategic behavior without motor contamination

We isolated strategic behavior, in a cannon-shooting game, 

removed from motor contaminants. In experiments 1, we estab

lished that behavior was generally consistent with that in VMR 

literature; we replicated the gradual, monotonic improvement 

in group-level performance followed by asymptote (Figure 1B).

To bring the aiming requirements of our task closer to those in 

a VMR task, we added an autocorrection module into the can

non. This covertly learned to gradually reduce the discrepancy 

between the aim and feedback in a similar manner to implicit 

adaptation (Figures 2A and 2B; see STAR Methods for details). 

This autocorrection used plan-based generalization of implicit 

adaptation,47–49 although simulations found no major differ

ences if target-based generalization was used instead.

We then characterized the degree of similarity between Can

non Game data and VMR data where performance is broken 

down into aim reports and implicit adaptation.1 Aiming behavior 

in experiment 2b did not differ from Bond and Taylor during the 

early-, mid-, or late-rotation phases under any rotation size 

except 90◦. This is consistent with strategic behavior correcting 

for errors left by the sensorimotor system.8 We next defined 

three essential properties to characterize an individual’s learning 

curve: the cycle of peak aim, the peak-cycle-averaged aim, and 

the decrease in aim from the peak to final cycle. These were 

generally similar across experiments (Figure 2F), prompting an 

investigation into individual learning.

The individual time course of aiming

In contrast to the canonical learning curve, the typical individual 

tends to perseverate in aiming at the target until abruptly shifting 

his or her aim to approximate compensatory magnitude of the 

noisily estimated feedback rotation (e.g., Figure 3B). These 

disparate patterns of behavior are partly reconciled by the fact 

that taking the mean over variably delayed step-functions yields 

a smooth curve.14,15 Another contributing factor to this artefac

tual group-level curve is that participants typically take additional 

time after their ‘‘Aha!’’ moment to reliably use the correct sign 

and intermittently revert to baseline behavior (Figures 3E and 3F).

Alternative accounts of strategic behavior

Strategic behavior has traditionally been modeled as a gradual 

error-minimization process via an SSM.3,8,11–13 As can be seen 

in Figures 3A and S4A, there is a clear discontinuity in aiming 

strategy and no sign of prior gradual error minimization 

(Figure 4B). Aligning individual time courses to their ‘‘Aha!’’ mo

ments demonstrate this effect at the group level (Figures 3C and 

S4B). While there may still be error-based fine-tuning of the strat

egy, strategy adoption seems discrete.

Another competing account is that strategic re-aiming in VMR 

tasks reflects a process of exploration until an efficacious action 

is found and can be exploited.50 This RL account predicts explo

ration of competing strategies before settling on the correct one. 

However, as can be seen in Figures 4, S1C, and S1D, there is no 

evidence of an increase in trial-to-trial aiming variability, or error 

correction rate, during the pre-‘‘Aha!’’ rotation phase.

Another recent account proposes that strategic behavior re

flects a process of hypothesis testing.10,46 This entails the gener

ation of hypotheses about the nature of the environment and 

testing their efficacy. As with the RL account, we do not view 

this as being at odds with our ‘‘Aha!’’ moment hypothesis; rather, 

they are focused on different aspects of learning. Central to our 

(B) Group-level distributions of signed human aiming (red), ‘‘Aha!’’ model predictive density (green) and SSM predictive density (magenta), during the first eight 

rotation trials (left), the next 40 trials (middle left), the final 40 rotation trials (middle right), and the second to eighth washout trials (right), for vanilla Cannon Game 

(top) and Brudner et al. (bottom). Watson’s U2 test statistic is printed on each panel, for each model versus the human aims, which measures deviance from 

homogeneity between two circular distributions (lower = better). 

(C) Individual human signed aiming distributions (red), ‘‘Aha!’’ model predictive density (green), and SSM predictive density (magenta), for the entire rotation 

phase, for vanilla Cannon Game (left) and Brudner et al. (right). 

(D) Watson’s U2 test statistic values for all individuals in vanilla Cannon Game (left) and Brudner et al. (right), for the ‘‘Aha!’’ model (green) and the SSM (magenta). 

Significance results for paired t tests between SSM and ‘‘Aha!’’ models’ U2 are shown (black stars). 

(E) Relative BIC scores for the three fitted models for individuals (left) and group means (right), for all six datasets (vanilla Cannon Game one-target [square] and 

eight-target [diamond]; autocorrecting Cannon Game one-target [up triangle] and eight-target [left triangle]; Brudner et al. [circle]; Bond and Taylor [down tri

angle]). The gray quadrant denotes a better fit for the ‘‘Aha!’’ model than for the SSM or the Q-learning model. The identity line indicates the threshold for 

Q-learning versus SSM (below the identity line denotes that Q-learning fit better than the SSM). Inset: number of participants within each range of relative BIC 

scores for the SSM versus ‘‘Aha!’’ (left) and Q-learning versus ‘‘Aha!’’ (right); green = ‘‘Aha!’’ model better, and magenta = ‘‘Aha!’’ model worse. Error bars are 95% 

CIs. 

See also Figures S2–S5.
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hypothesis is that the feedback error is considered uninformative 

to the agent’s goals until some moment of insight occurs and the 

participant’s internal representation of the task changes. This 

appears to manifest in a strategic solution, which is correct in 

at least the magnitude dimension (Figures 3B and 3C). The hy

pothesis-testing account is focused on what happens after the 

‘‘Aha!’’ moment.

A moderate proportion of participants from Ding et al.46 do 

appear, however, to adopt an incorrect strategy at their ‘‘Aha!’’ 

moment (e.g., aiming 180◦ away; Figure S1F). Importantly, these 

participants were explicitly instructed to explore new aiming 

strategies to compensate for a change in action-feedback map

ping during the rotation phase. This instruction appears to have 

expedited and corrupted the ‘‘Aha!’’ moment by encouraging 

premature strategy exploration (for example, 145 participants 

changed their strategy on the first rotation trial before observing 

any rotated feedback; Figure S1E).

Overall, our analyses indicate that the ‘‘Aha!’’-moment ac

count explains much of the strategic behavior in VMR tasks, 

leaving a relatively smaller portion for RL or hypothesis testing.

The generative ‘‘Aha!’’ model

We developed a generative model that combines hierarchical 

off-policy Q-learning with a two-state HMM: in one state, the pre

diction error is considered irrelevant to the agent’s goals, and in 

the other state, the prediction error is considered relevant. In this 

way, the model can perseverate in baseline behavior due to a 

strong prior that the prediction error is irrelevant. The dense re

wards and off-policy nature of learning allow the model to shift 

from baseline aiming on trial t to the ideal aim on trial t + 1 

(Figure S3). The off-policy updates allow the model to counter

factually generalize prediction error across the workspace, akin 

to counterfactual reasoning observed in humans.51,52 It learns 

separate Q-functions for sign and magnitude, recapitulating 

the pattern of sign-flip errors in the post-‘‘Aha!’’ rotation phase 

(Figures 5B, 5C, S4H, and S4I).

State inference within the model is subject to uncertainty over 

the prediction error. This context uncertainty increases with rota

tion size (Figure S4A), which aligns well with the fact that rotation 

size had no effect on the delay before an ‘‘Aha!’’ moment, despite 

the larger rotations providing a stronger error signal (Figure 3D). 

We know from Zhang et al.53 that the standard deviation of visual 

uncertainty increases in a roughly linear fashion (see also Levi 

et al.54 and Klein and Levi55). Indeed, we fit a linear function to 

context uncertainty and found a slope like that found by Zhang 

et al. (Figure S5).

We also see an exponential decay in inverse temperature as 

rotation size increases (Figure S4A). In RL, the inverse tempera

ture defines the trade-off between exploration and exploitation. 

For our model, this means that larger rotation sizes, which elicit 

greater context uncertainty, see greater behavioral variability. 

However, it may be the case that the increased variability reflects 

the difficulty in accurately estimating the prediction error or re

flects bet-hedging against the uncertainty therein, rather than 

exploration over varied strategies.

When present reward can augment future reward, hedging 

against uncertainty maximizes the long-term reward in a vary

ing environment.56,57 For example, it is an optimal strategy for 

maximizing long-term returns under variable financial market 

conditions58,59 or for maximizing population fitness in dynamic 

adverse environments.60,61 Many natural human tasks do 

involve rewards, which can augment future rewards. For 

example, any task that results in food, water, or social status 

thus provides sustenance to better perform subsequent tasks. 

Therefore, it may be that the increase in exploration associ

ated with an increase in context uncertainty reflects a form 

of hedging to maximize lifelong geometric-mean reward (see 

also Kaufmann et al.62 for proof of Thompson sampling opti

mality for cumulative regret minimization). Work by Feng 

et al.63 is consistent with this hypothesis and finds that explo

ration is driven by the signal-to-noise ratio of reward informa

tion. Thus, we do not see good reason to believe that the var

iable compensatory magnitude reflects the exploration of 

strategies.

The ‘‘Aha!’’ model isn’t intended to be a complete mechanistic 

account of the ‘‘Aha!’’ moment. Nevertheless, the model can 

generally capture the relevant phenomena covered in this 

work. While RL is essential to this model, the RL component re

lies on a counterfactual reward to direct its behavior, so we do 

not consider the initial strategy generation as being part of a 

trial-and-error learning process.

Out of 1,337 participants in our modeling analysis, including 

data collected in VMR reaching tasks with no explicit aim re

ports, 1,301 were best fit by our ‘‘Aha!’’ model (Figures 5E and 

S4G). Furthermore, only the ‘‘Aha!’’ model was able to reproduce 

the baseline perseveration along with the multimodal distribution 

of aims (e.g., Figures 5B, 5C, S4H, and S4I). Taken together, we 

see this as overwhelming support for our ‘‘Aha!’’ model being su

perior to extant alternatives.

The ‘‘Aha!’’ moment in the motor context

It is possible that our task yields the same behavioral patterns as 

in standard VMR tasks but through distinct strategic processes. 

To investigate this concern, we carried out the same model- 

fitting analysis on preexisting reaching data from a task without 

aim reports and without any prompt that an aiming solution might 

exist or that one should consider aiming.45 Instead, the task pre

sented feedback after a delay period of 5 s, which is thought to 

inhibit implicit adaptation and emphasize strategic contribu

tions.64 All 20 participants were best fit by the ‘‘Aha!’’ model, 

and their behavior exhibited the same perseveration and abrupt 

shift (Figure 3C). Further, we see no reason, a priori, to think that 

strategic processing would be qualitatively—not just quantita

tively—affected by this delay.

We also fit the models to recent data from Ding et al.,46 where 

participants reached as in typical VMR tasks, although with the 

explicit instruction to explore new strategies. The ‘‘Aha!’’ model 

still better explained the behavior of 549 out of 560 participants, 

and it still matched the general behavioral patterns and distribu

tions (Figure S1).

By incorporating our insights into strategic behavior back 

into the motor adaptation context, we can attack the problem 

of implicit learning in new ways. For example, by using our 

generative ‘‘Aha!’’ model (or a successor) to explain away the 

portion of behavior attributable to the strategic system, we 

may be able to investigate implicit adaptation in more ecologi

cally relevant contexts than using error clamps or delayed 

feedback.
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Conclusions

Together, these findings indicate that strategic behavior, both in 

the Cannon Game and in VMR reaching tasks, is not a gradual 

error-minimization process or mere trial-and-error learning. 

Instead, there is perseveration of baseline behavior, followed 

by an ‘‘Aha!’’ moment that marks a dramatic single-trial shift in 

behavior. This typically manifests in a correct compensatory 

magnitude for a noisily estimated rotation, but reliably correct 

sign behavior takes longer to learn. This ‘‘Aha!’’ moment appears 

to eat much of the lunch of the trial-and-error accounts. This is 

important not only for understanding how strategies are acquired 

and evolve over time but also for attempting to understand im

plicit adaptation and motor behavior more generally.

Future work should try to better understand the processes that 

lead to this sudden shift in behavior. Is there a fundamental 

change in the representation of the task, or does the preceding 

perseveration reflect the time taken to infer the presence of a 

new context? Answering this would also expedite the motor 

rehabilitation process by helping patients to learn strategic be

haviors more quickly and effectively.
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Participants

A total of 761 humans (316 males, 440 females, 5 other genders, age = 34.1 ± 11.8 years) from the United Kingdom and the United 

States were recruited via the Prolific Academic recruitment platform. Ethical approval was obtained from the University of Leeds 

school of Psychology Research Ethics Committee (ref PSYC-81). All participants gave informed consent prior to starting the study.

METHOD DETAILS

Experimental Apparatus

Participants aimed a cannon and shot targets using keyboard keys. All participants completed the task remotely on their own 

desktop or laptop computers, with no further constraints on the hardware they used. The experimental task was constructed using 

the Unity game engine and default libraries, with custom scripts written in C# and data saved to a remote database.

Aiming Task

Participants were instructed to rotate the cannon by pressing the ‘A’ and ‘D’ keys, and to fire it with the ‘Spacebar’ key (Figure 1A). 

They were told to hit as many targets as possible and were not encouraged to act quickly. Tapping the rotation keys rotated the can

non by 1◦ increments and holding down these keys rotated the cannon at the speed of 125◦sec-1. An aiming reticule indicated the 

aimed location, whose radial distance was held constant (equal to the radial distance of the target). Upon firing, the cannonball flight 

lasted 300 ms and would terminate at the same radial distance as the target. The target had a radius of 3◦, and the cannonball had a 

radius of 0.5◦. Upon being hit, the target exploded and was accompanied by a green ‘Hit!’ text lasting 500 ms; if missed, a ‘buzzing’ 

sound accompanied red ‘Miss!’ text lasting 500 ms. The Cannon Game task would only play in full-screen mode. At any point, if the 

participant left full-screen mode, the task was paused and the participant was presented with a pause screen asking them to enter 

full-screen when they were ready to resume.

Participants were told ‘the cannonball may not always go exactly where you are aiming’. The direction of the shot was subject to 

noise of similar magnitude to motor noise in reaching tasks (Figure 1B), such that the cannonball endpoint feedback was

EndPoint◦ = aim◦ + Rotation◦ + ϵ◦; ϵ◦ ∼ N(0; 3)
◦

(Equation 1) 

where the integer aim is the angle aimed, ϵ is gaussian noise, and Rotation is the feedback rotation applied to the endpoint feedback. 

At the start of each trial, the cannon direction was sampled from a uniform random distribution spanning 60◦ either side of, but at least 

5◦ away from, the angle equal to − Rotation◦ (i.e., the ideal aim angle).

Experiment 1

The first experiment sought to explore how participants updated their aiming behavior in a simple task which requires the participant 

to aim at targets, much like in a visuomotor rotation (VMR) task.

In experiment 1a (n = 98), the target was presented in the same position (12 o’clock) on every trial. The experiment comprised six 

blocks, where each block included 30 rotation trials with a rotation applied to the direction of feedback. The rotation phase was sand

wiched between 15 baseline and 15 washout trials, each with veridical feedback (Figure 1A). Within each block, the rotation phase 

presented a single feedback rotation for all trials, such that one group of participants each experienced every sign/magnitude com

bination of {± 15; ± 30; ± 45}
◦
, and the other group experienced all of{± 45; ± 60; ± 90}

◦
by the end of the six experimental blocks. 

Three participants were excluded for having >20% trials with <100ms aiming time.

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Data and code for analysis This paper https://github.com/Max- 

Townsend/aha_precedes_ 

strategy_VMR

Software and algorithms

Unity game engine Unity Technologies https://unity.com/

Python 3.11 Python Software Foundation https://www.python.org/
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In experiment 1b (n = 301), the target was presented in one of eight locations, evenly spaced in 45◦ increments from the target at 12 

o’clock. The order of target location was pseudorandomized, where each location occurred once in each eight-trial cycle. There was 

a single block of 40 cycles of rotated feedback, sandwiched between five baseline and five washout cycles. During the rotation 

phase, each participant experienced one rotation, sampled from {± 15; ± 30; ± 45; ± 60; ± 90}
◦
. Twenty participants were excluded 

for having >20% trials with <100ms aiming time.

Experiment 2

Experiment 2 implemented aiming requirements which were much more like those in VMR tasks. To this end, it included an autocor

rection module (i.e., a spatially-generalizing SSM adapted from McDougle et al.47) which learns a bias that is added to the feedback 

direction. This bias gradually minimizes the difference between the aimed location and the endpoint feedback (Figures 2A and 2B). 

The resultant formula for the endpoint feedback direction is

EndPoint◦ = aim◦ + Rotation◦ + xt
→
(aim)

◦
+ ϵ◦; ϵ◦ ∼ N(0;3)

◦ (Equation 2) 

where xt
→
(aim)

◦
is the output of the autocorrection module for integer angle aim on trial t. The state vector xt

→
is updated after each trial 

t according to

xt+1
̅→

= Axt
→

− B exp
[
( x
→

− μt)
2
/

2σ2
]
× et (Equation 3) 

where xt+1
̅̅→

is the state vector on trial t+1, A is the retention factor, B is the learning rate, et is the prediction error ( − AimAnglet), x
→

is 

the ordered vector of all integer angles around the workspace (-179,-178…,180), and μt is the centre of gaussian generalization on 

trial t. The parameter μt is set to the aim angle on trial t, such that the generalisation of learning is centred on the aimed angle 

(Figures 2A and 2B). Parameter σ, which defines the width of generalisation, was set to 30◦ (selected to be consistent with previous 

generalization widths47,65–67).

For Experiment 2a (n = 61), the parameters A and B were set to 0.99 and 0.0275 respectively (consistent with the values found in 

McDougle et al.3). The target was presented in a single location and the task comprised six 60-trial blocks, each including a 30-trial 

rotation phase sandwiched between a 15-trial baseline phase and 15-trial washout phase. One group experienced one of {± 15; ± 30;

± 45}
◦
in each block, and the other group experienced one of{± 45; ± 60; ± 90}

◦
, akin to experiment 1a. One participant was 

excluded for having a mean absolute aim of <3◦ (i.e., the target radius).

For Experiment 2b (n = 301) we wanted to approximate actual aiming requirements experienced by participants of a VMR study. To 

do this, we fit the learning rate (A) and retention rate (B) parameters of the autocorrection module to data from Bond & Taylor’s eight- 

target reaching task.1 Parameter fitting was carried out by finding the maximum likelihood over all participants within each rotation 

size separately, using the optimize.minimize function (with the ‘L-BFGS-B’ method) of the SciPy (scientific python) package for Py

thon (for the 15◦, 30◦, 45◦, 60◦, and 90◦ rotations respectively, learning rates were 0.0385, 0.0152, 0.0152, 0.0118, 0.0044, and reten

tion rates were 0.9985, 0.9956, 0.9951, 0.9875, 0.9918).

As in experiment 1b, the target was presented in one of eight locations, evenly spaced in 45◦ increments around the workspace. 

The order of target location was pseudorandomized, where each location occurred once in each eight-trial cycle. There was a single 

block of 40 cycles of rotated feedback, sandwiched between five baseline and five washout cycles. During the rotation phase, each 

participant experienced one rotation, sampled from {± 15; ± 30; ± 45; ± 60; ± 90}
◦
. Twenty-seven participants were excluded for 

having >20% trials with <100ms aiming time, and three participants were excluded for having a mean absolute aim of <3◦ (i.e., 

the target radius).

QUANTIFICATION AND STATISTICAL ANALYSIS

Data Analysis

Analyses were completed with custom scripts written in Python 3.7. We used an α-value of 0.05, such that any p-value less than α 
indicates a statistically significant difference. Unless stated otherwise, all t-tests were two-tailed and Bonferroni corrections were 

applied for multiple comparisons. Our primary dependent variable was the signed difference between the aim angle and the target 

angle, with the resulting angle multiplied by -1 for positively signed rotations so that a positive angle was one that counteracted the 

applied perturbation.

Fifty-four participants were excluded (all previously listed n values were calculated before participant exclusion) because they met 

at least one of the following criteria: fifty participants were excluded for having >20% trials with <100ms aiming time, and four par

ticipants were excluded for having a mean absolute aim of <3◦ (i.e., the target radius). There was no trial-level exclusion

In experiments 1 & 2, we used t-tests to check that baseline aiming was not significantly different from zero, and to check whether 

aiming was significantly different from zero during mid learning and late learning. We also tested whether the washout aiming 

(excluding the first trial/cycle) significantly differed from zero. In experiments 1a & 1b, t-tests were used to assess whether aiming 

was significantly different from the ideal aim angle during mid and late learning. In experiments 2a & 2b, we instead tested if the ‘final 

cannonball angle’ (aim + offset learned by autocorrection module) was significantly different from the ideal cannonball angle during 

late learning and mid learning. We also applied a t-test on the implicit autocorrection vs zero during washout. In experiments 1a & 2a, 

mid learning was defined as the middle five rotation trials, and late learning was defined as the final five rotation trials. In experiments 

1b & 2b, mid learning was defined as the middle five rotation cycles, and late learning was defined as the final five rotation cycles. In 
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experiments 1a and 2a, where participants encountered a given rotation magnitude twice with opposite signs, data was averaged 

over both blocks.

For the direct comparison to VMR data, we compared data from experiment 2b to data from Bond and Taylor.1 A 2 (experiment 

type) x 5 (rotation size) x 3 (learning phase) ANOVA was carried out, where experiment type was denoted whether the experiment was 

ours or from Bond & Taylor, and learning phase was either early learning (first 10 rotation cycles), mid learning (middle 10 rotation 

cycles), or late learning (final 10 rotation cycles). We also applied t-tests to compare the following properties across experiments: 

the cycle of peak aiming, the magnitude of peak aiming, and the decrease in aiming from peak to final rotation cycle.

We then go on to investigate behavior that has been realigned to each individual’s ‘‘Aha!’’ moment. We use paired t-tests to see if 

the pre-‘‘Aha!’’ rotation trial has aiming that is significantly different from baseline, and we also use one-sample t-tests to test If the 

‘‘Aha!’’ trial aiming magnitude is different from the ideal aiming magnitude. We also used t-tests to detect any significant change in 

trial-to-trial variability between the baseline phase and the pre-‘‘Aha!’’ rotation phase, or if there was any significant error correction in 

the pre-‘‘Aha!’’ rotation phase.

Data-driven ‘‘Aha!’’ moment detection

To detect the ‘‘Aha!’’ moment, defined as the first changepoint in aiming behavior during the rotation phase, we applied a non-para

metric, model-free changepoint algorithm to each individual’s aiming magnitude trial series. We used the Pruned Exact Linear Time 

(PELT68) implemented in the rupture (version 1.1.7) Python library.69 The PELT algorithm minimizes a penalized cost function over 

possible segmentations. The cost function employed a radial basis function (RBF) kernel to measure dissimilarity between proposed 

segments, handling arbitrary shifts and the potentially multimodal nature of behavior after the ‘‘Aha!’’ moment. For all datasets in the 

main analyses, we used the same parameter settings: the penalty (‘pen’), which determines the penalty of each detected change

point (higher values lead to fewer detected changepoints), was set to 0.8; the minimum segment size (‘min_size’) was set to 1 

(such there need not be multiple trials between each changepoint); the ‘jump’ parameter was set to 1, to ensure that a segmentation 

was considered at every trial.

The first changepoint during the rotation phase was then selected as the ‘‘Aha!’’ trial. In the supplementary analysis of Ding et al.46

(Figure S1), ‘pen’ was set to 0.2 for greater sensitivity to changes, but all other parameters were left unchanged. Importantly, during 

the rotation phase, participants in Ding et al. were explicitly instructed that cursor feedback would no longer correspond to their 

movements and that they should discover the movement that correctly results in the cursor being placed on the target. This instruc

tion appears to have expedited the ‘‘Aha!’’ moment for many participants; as such, for some analyses (e.g., Figures S1B and S1F) we 

exclude 145/560 participants who pre-emptively changed their aim angle on the first rotation trial (i.e., before observing any rotated 

feedback).

Computational models

As part of our investigation into the individual time course of aiming, we compare three models of noisy aiming: a single-process SSM 

to model monotonic, gradual learning; a bespoke Q-Learning model of trial-and-error learning; and the Q-Learning model embedded 

in a two-state HMM as the ‘‘Aha!’’ moment model.

State-space model

The state of the gradual-learning model, xt, determines the aim on trial t. We assume that the process of executing an intended plan is 

inherently noisy, such that the aim on trial t is defined

at;Gradual = xt + ϵ (Equation 4) 

where at;Gradual is the aim on trial t; xt is the internal state of the SSM, and the execution noise ϵ follows an unbiased normal distribution

ϵ = N
(

μc; σ2
c;Gradual

)
(Equation 5) 

defined by μc = 0, and execution variance σ2
c;Gradual. The state is updated according to

xt+1 = Axt − Bet (Equation 6) 

where A is the retention rate, B is the learning rate, and et is the prediction error on trial t, as defined in Equation 3. The SSM has three 

free parameters: A, B, and σ2
c;Gradual. We also tested a dual-state SSM but found that that produced worse complexity-penalized fits 

than the single-state SSM defined above (Figure S2).

Trial-and-error learning model

To represent pure trial-and-error learning, we implemented a Q-learning model which learns from dense (error-based) rewards and 

learns sign and magnitude separately via off-policy updates. The model assumes each trial is independent, with no state transition 

function, and so has a one-step horizon. This statelessness is justified because feedback is immediate on each trial, and the action- 

reward mapping is independent of action history. The action policy is updated to minimize expected feedback errors, where the ac

tion space has been hierarchically discretized into magnitudes of 1◦ increments M = {a0;…; a180} and sign SGN = {+ ; − }. The 

model maintains separate value functions across trials: Qmag : M→ℝ and Qsgn : SGN→ℝ (both initialized to zero). The policy π is hi

erarchically defined via two softmax functions:
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πmag

(
m
⃒
⃒Qmag

)
=

exp
(
βmagQmag(m)

)

∑

m′ ∈M

exp
(
βmagQ(m′)

) (Equation 7) 

πsgn

(
sgn

⃒
⃒Qsgn

)
=

exp
(
βsgnQsgn(sgn)

)

∑

s′ ∈S

exp
(
βsgnQsgn(sgn′)

) (Equation 8) 

where m is the candidate magnitude, sgn is the candidate sign, βmag is the inverse temperature for magnitude, and βsgn is the inverse 

temperature for sign.

Action Selection. The model generates actions by sampling from the hierarchical mixture policy over the expanded action space:

p
(
at;QLEARN

⃒
⃒Q
)

=

∑

sgn′ ∈SGN

∑

m′ ∈M

πsgn

(
sgn′

⃒
⃒Qsgn

)
πmag

(
m′
⃒
⃒Qmag

)
N
(

at;QLEARN; sgn′⋅m′; σ2
c;QLEARN

)
(Equation 9) 

where at;QLEARN is the aim on trial t and σ2
c;QLEARN is the execution variance.

Update Step. After observing feedback, the model performs off-policy Q updates using the temporal difference (TD) error. This off- 

policy update is analogous to counterfactual reasoning under the assumption that the action-feedback mapping is uniform across the 

workspace (e.g., ‘‘what would the outcome have been if I had aimed there instead?’’ and ‘‘where would have been the best direction 

to have aimed?’’). Each update utilizes the maximum attainable reward for the specific sign or magnitude being updated, where 

reward is defined

r
(
at;QLEARN; et

)
= −

⃒
⃒at;QLEARN + et

⃒
⃒ (Equation 10) 

where the prediction error et is counterfactually assumed to be the same for all aim angles. For sign updates, compute the maximum 

reward attainable 
(
max Rsgn

)
using each sign s ∈ S:

max Rsgn(sgn) = max
m∈M

r(sgn⋅m; et) (Equation 11) 

then compute the TD error δsgn and update Qsgn:

δsgn(sgn) = max Rsgn(sgn) − Qsgn(sgn) (Equation 12) 

Qsgn(sgn)←Qsgn(sgn)+ α⋅δsgn(sgn) (Equation 13) 

where α ∈ (0;1] is the learning rate. A similar process is then applied to update Qmag; for each magnitude m ∈ M, compute the 

maximum reward availalable max Rmag over either sign and update with the TD error δmag:

max Rmag(m) = max
s∈S

r(sgn⋅m; et) (Equation 14) 

δmag(m) = max Rmag − Qmag(m) (Equation 15) 

Qmag(m)←Qmag(m)+ α⋅δmag(m) (Equation 16) 

This Q-learning model has four free parameters: σ2
c;QLEARN;α;βmag;and βsgn.

The ‘‘Aha!’’ model

We hypothesize that humans first require an ‘‘Aha!’’ moment to realize that a new aiming solution must be generated. To implement 

this, we extend the Q-learning model to be part of a two-state Hidden Markov Model (HMM), where the learner transitions between a 

veridical-feedback state sv, where no learning occurs, and a perturbed-feedback state sp, where learning is governed by the 

Q-learning model defined above. The HMM enables a potentially abrupt transition from sv to sp (and back). This transition may be 

arbitrarily delayed, as determined by the initial state probabilities P0 = [1; 0] and symmetrical prior transition matrix defined:

T =

(
1 − k k

k 1 − k

)

(Equation 17) 

where k ∈ [0; 1) is the prior transition probability (low values favor persistence in the current state). The prior predicted state dis

tribution at trial t is therefore Pt|t − 1 = Pt − 1T.

Action Selection. This Q-HMM ‘‘Aha!’’ model first samples the hidden state St ∼ Pt|t − 1, where St ∈ {srel;sirr}, then an intended 

aim, conditionally onSt. Specifically, for St = sirr , the sensory prediction error is considered irrelevant to the agent’s goals, so the 

planned aim is 0◦. For St = srel, where the prediction error is assumed relevant to the agent’s goals, the aim is sampled from the 

hierarchical mixture policy a ∼ π
(
⋅|Qmag;Qsgn

)
where π

(
a
⃒
⃒Qmag;Qsgn

)
= πmag

( ⃒
⃒a
⃦
⃦Qmag

)
⋅πsgn

(
sgn(a)

⃒
⃒Qsgn

)
using Equations 7 and 8. 

Thus, on trial t, the action at;AHA is drawn from the state-marginalized predictive distribution defined by:
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p
(
at;AHA

⃒
⃒Pt|t − 1;Qmag;Qsgn

)
= Pt|t − 1(sirr)N

(
at;HMM; 0; σ2

c;AHA

)
+ Pt|t − 1(srel)⋅

∑

a′ ∈A
π
(
a′
⃒
⃒Qmag;Qsgn

)
N
(

at;AHA; a′; σ2
c;AHA

)
(Equation 18) 

where A = {− 180;…;179} uses the same discretized action space as the base Q-learning model, and σ2
c;AHA is execution variance.

State Inference and Update Step. The sensory prediction error (et) serves as the context emission that drives the posterior state 

distribution Pt. The state-conditioned emission probability p(et|st) evaluates how well the predicted aim distribution of each state 

would minimize the prediction error under contextual uncertainty σ2
context (i.e., uncertainty over the prediction error):

p(et|st) =

⎧
⎪⎨

⎪⎩

N
(
et; 0; σ2

context

)
;

∑

a′ ∈A
π
(
a′
⃒
⃒Qmag;Qsgn

)
N
(
et; − a′; σ2

context

)
;

if St = sv

if St = sp

(Equation 19) 

The posterior is then given by

Pt(St) =
Pt|t − 1(St)p(et|St)
∑

S′ ∈ {srel ;sirr}

Pt|t − 1(s′)p(et|S′) (Equation 20) 

for all St ∈ {srel;sirr}. The Q functions (Qmag;Qsgn) are updated using the off-policy Q-learning rule as in Equations 13 and 16, but 

conditioned on the posterior probability of being in the prediction-error-is-relevant state Pt(St = srel). This conditioning means 

that learning may stay effectively at zero until an abrupt ‘‘probability explosion’’ occurs (often within a single trial; Figure S2). This 

‘‘probability explosion’’ is triggered when the posterior probability of being in state srel jumps from very small (i.e., <<1e-5) on trial 

t-1 to ≈1 on trial t (i.e., from Pt(St = srel)≈0 on trial t-1 to Pt(St = srel)≈1 on trial t). This means that the Q-functions (Qmag;Qsgn) 

on trial t receive a full update, allowing one or both dimensions of the policy on trial t+1 to be centered on the ideal value. This is 

akin to a human experiencing an ‘‘Aha!’’ moment, after observing feedback on trial t, and then implementing their new strategy on 

trial t+1. See Figure S1A for actual human trial-series aiming data overlaid on model simulations using fitted parameters.

The model is not intended to be an exhaustive mechanistic account; instead, it abstracts away some of the more ethereal com

ponents that lead up to the ‘‘Aha!’’ moment by overloading the state inference architecture. Put simply, the state inference architec

ture is perhaps a partial black-box proxy for the poorly understood processes that culminate in an ‘‘Aha!’’ moment.

The ‘‘Aha!’’ model has six free parameters: σ2
c;AHA;σ

2
context;α;βmag;βsgn;and k.

Implicit learning extension

To apply these models in tasks with implicit learning, we extend all three with the same implicit learning component defined in 

Equation 3. In this way, the implicitly learned bias on trial t, xt
→
(at), is added to the feedback rotation, such that the feedback on a 

given trial is computed:

EndPointt;i = at;i + Rotationt + xt
→(

at;i

)
+N

(
0; σ2

c;i

)
(Equation 21) 

where i ∈ {SSM;QLEARN;AHA} is the model being used. Each model then rolls out as previously defined with this modular implicit 

learning added to the feedback. This implicit module does introduce a direct dependency on past behavior, but it is negligible, so we 

keep the stateless nature of the Q-learning model (and its instantiation within the ‘‘Aha!’’ model). There are now three additional free 

parameters during the fitting process of each model to the Bond & Taylor dataset; the implicit learning rate Aimp; the implicit retention 

factor Bimp; and the standard deviation of implicit gaussian generalization σimp. When fitting to the 8-target Cannon Game-with-au

tocorrection dataset, these implicit parameters were fixed to the values used by the autocorrection module in the task.

All models were fit to the first block of each participant separately, for each experiment separately. Subsequent blocks were 

excluded as behavior there may be contaminated by experience from previous blocks. Parameters were optimized through 

maximum likelihood estimation using the L-BFGS-B algorithm (from the SciPy. Optimize package). Each model was fit 500 times 

to each participant, each time using pseudo-random initial parameter values generated through Latin hypercube sampling over 

the entire parameter space.
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