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.. Abstract

11 When people perform the same task repeatedly, their behavior becomes habitual, or inflexible to changes
12 in the goals or structure of a task. While habits have been hypothesized to be a key aspect of motor skill
13 acquisition, there has been little empirical work investigating the relationship between skills and habits. To
1a  better understand this relationship, we examined whether and when people’s behavior would become habitual
15 as they learned a challenging new motor skill. After up to ten days of practice, we altered the structure of the
16 task to assess whether participants would flexibly adjust their behavior or habitually persist in performing
17 the task the way they originally learned. We found that participants’ behavior became habitual early in
18 practice—after only two days—at which point they were still relatively unskilled. These data demonstrate
10 that motor skills become habitual after relatively little training, but can nevertheless further improve with

20 Ppractice.

» Introduction

22 We have all experienced the frustration of having to overcome old habits when we need to alter the way we
23 perform a task. In a recent striking example of this, YouTuber Destin Sandlin created a “backwards bicycle”,
2 a bicycle where rotation of the handlebar in one direction causes the front tire to rotate in the opposite
as  direction (i.e., opposite of a normal bicycle) [1]. Although it is easy to understand how the handlebar
26 moves the tire and it is trivial to rotate the handlebar, people find it difficult to ride the backwards bicycle,
27 seemingly because they habitually try to balance themselves using the same movements they would perform
2s on a normal bicycle.

20 In neuroscience and psychology, habits are generally defined as behaviors which, through extensive repe-
30 tition, have become inflexible to changes in the goals or structure of a task [2-4]|. Habit formation has almost
a1 exclusively been studied in the context of discrete choices [5-10], such as deciding which button to press on
2 a keypad, or whether or not to perform an action at all [7,11]. In such cases, habits are conceptualized as
33 stimulus—response associations that have become obligatory through repetition [12-15].

3a Perhaps surprisingly, habit formation has hardly been studied in the context of continuous motor skills like
s riding a bicycle. In this case, the analog of a stimulus-response association guiding behavior is a controller,
s a mapping from the instantaneous states of the environment and one’s body to outgoing motor commands.
sz Under this framework, behavior can be considered to be habitual if one’s controller for a task becomes
ss habitual. That is, if the mapping between states and motor commands becomes inflexible to change and one

3o persists in using this controller even if it no longer successfully achieves control objectives. Although it is
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a0 conceptually straightforward to extend the concept of a habit from discrete tasks to continuous movement
a1 control, it is by no means clear that habits form in the same way in both cases. A key tenet of the stimulus—
a2 response framework is that a particular stimulus and resulting response must be paired repeatedly for a
a3 habit to form, but in continuous control tasks there are a continuum of (i.e., infinitely many) possible states
a2 and actions and it is unclear whether one will ever repeat the same action in the same state often enough
«s for a habit to form.

a6 Nevertheless, habits have been hypothesized to be a key aspect of motor skill acquisition, enabling
«z more rapid behavioral responses and freeing up cognitive resources [16-20]. However, the exact relationship
sz between habits and skill remains unclear [21], and progress in our understanding of this relationship is
s hampered by a dearth of empirical evidence examining how quickly behavior becomes habitual when learning
so a new motor skill. To a limited extent, behavior which could be interpreted as habits has been studied in
s continuous control tasks such as reaching under mirror-reversed visual feedback [22,23] or more real-world
s2  skills like javelin throwing [24], swimming [25], and weightlifting [26]. However, such work has examined
s3  the process of replacing already highly skilled movements (baseline or well-practiced behavior) with new
sa  movements rather than how habits form when people initially learn a skill.

55 We performed an experiment to examine the process of habit formation in the context of learning a new
se continuous motor skill. Participants learned to control an on-screen cursor using a non-intuitive bimanual
57 mapping where vertical movements of the left hand were mapped to horizontal movements of the cursor
ss while horizontal movements of the right hand were mapped to vertical movements of the cursor. Previous
so  work suggests that people learn this mapping by building a new controller de novo [27]—in contrast to how
e people learn simpler perturbations like rotations of visual feedback by adapting an existing controller [28-31].
e1  Three separate groups of participants learned to control the bimanual mapping over two, five, or ten days of
s2 practice. At the end of the final day of practice, we flipped the direction of the mapping between movement
63 of the left hand and movement of the cursor (i.e., a mirror reversal) and assessed whether participants would
sa habitually continue to control the cursor according to the originally practiced mapping, or whether they
es would be able to flexibly adjust their control to accommodate the new flipped mapping.

66 Previous studies of habit formation have suggested that the expression of habits may be masked by
ez deliberative, goal-directed processes that might override habitual responses during the reaction time prior to
es movement, particularly if participants are allowed ample time to prepare their movements [32]. To account
e for habitual control potentially being masked in this way, we assessed habitual behavior using two different
7o approaches with differing reaction time constraints. In the first task, participants made point-to-point reaches
72 towards targets in random locations, and they were allowed unlimited time to deliberate about each reach.

72 In the second task, participants tracked a target moving in an unpredictable, sum-of-sinusoids trajectory.
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Fig 1. Tasks and experiment. Participants learned to control an on-screen cursor using a bimanual
hand-to-cursor mapping (orange) over two (n = 13), five (n = 14), or ten (n = 5) days of practice. Half of
the participants in each group practiced the depicted bimanual mapping while the other half practiced an
alternate version where cursor movements were rotated 180° relative to the depicted mapping (this was done
to counterbalance any effects of biomechanics). On each day, participants performed blocks of point-to-point
reaching (hashed rectangle; 1 block = 100 trials) and continuous tracking (1 block = 5 minutes) both with
(solid rectangle) and without (solid rectangle with dashed outline) visual feedback of the cursor. Learning
was compared relative to a baseline mapping where the cursor was placed at the average position of the two
hands (gray). At the end of each group’s final training day, we flipped the left hand’s mapping to cursor
movements (blue) and assessed whether participants would habitually continue to control the cursor under
the bimanual mapping they originally learned.

73 Here, the amount of time participants had to prepare their movements varied with the frequency of the
7a target’s movement, with movements at high frequencies requiring particularly rapid responses and therefore
zs minimal scope for deliberation.

76 Using these tasks, we sought to examine whether or not habits would be observable under the flipped

7z mapping and, if so, when in the course of learning they would emerge.

» Results

» Participants became more skilled in the point-to-point task with practice over

= multiple days

s1  Three different groups of participants learned to control an on-screen cursor using a novel bimanual hand-
s2 to-cursor mapping over two (n = 13), five (n = 14), or ten (n = 5) days of practice (two different versions of
ss the bimanual mapping were used for different subsets of participants to control for potential biasing effects
sa of biomechanics; see “Tasks” section of Methods). Participants practiced this mapping by performing a series

ss of 12 cm point-to-point reaches towards targets, following a random walk within a 20 x 20 cm workspace.
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Fig 2. Performance in the point-to-point task under the bimanual mapping. A: Examples of raw
cursor trajectories (black line) from baseline, early learning, and late learning (last block before flip block).
Targets are displayed as red circles. Data from ten trials are shown for each block. B: Kernel-smoothed
probability density of reach direction errors pooled over all subjects and trials for a given block. All blocks
were the same as those shown in Fig 2A. C: Circular standard deviation of reach direction errors, computed
by fitting a mixture model to the data in Fig 2B (see “Analysis of point-to-point task” section of Methods
for more details). Each point corresponds to data from a single block and error bars indicate SEM across
participants. Baseline standard deviations for each group are shown as horizontal lines. Days are demarcated
by gray vertical lines.

ss They alternated this point-to-point task with a tracking task in a block-wise manner (Fig 1).

87 Fig 2A shows representative raw cursor trajectories at baseline, early learning, and at late learning for
ss each group in the point-to-point task. As previously found [27], participants initially experienced great
so difficulty in coordinating their two hands together to move the cursor straight towards each target. But
oo they gradually improved their performance with practice, eventually moving between targets in a straight
o1 line, similar to their performance when using an easy mapping in which the cursor appeared exactly halfway
o2 between the left and right hand (“baseline”; Fig 1).

o3 We assessed each groups’ skill level by quantifying how precisely they aimed the cursor’s initial movement
oa towards the target (Fig 2B-C; see Supplementary Fig 1 for other kinematic metrics throughout learning).
os Precision improved with practice, reaching a plateau after roughly 5 days that was close to baseline levels.
o Although there were small improvements in performance from day 5 to day 10 in the 10-day group, these
o7 improvements were not statistically significant (linear mixed effects model with post-hoc Tukey test [see
os  Methods for details about statistical analyses]: t = —0.79, p = 0.9665). Thus, participants became more
oo skilled in performing point-to-point reaches under the bimanual mapping, and the bulk of this improvement

10 occurred over the first five days of practice.
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1a  Performance in the tracking task also improved with practice over multiple days

102 Participants also performed a second task under the bimanual mapping where they tracked a target moving
103 in a sum-of-sines trajectory (frequencies ranging from 0.1-1.85 Hz; Fig 3A). Unlike the point-to-point task
10 where participants had an unlimited amount of time to plan their movements at the start of each trial, in
105 the tracking task, the target moved quickly and pseudorandomly, limiting the amount of time participants
106 had to plan their movements; any movements planned at one moment would become outdated within tens
107 of milliseconds as the target would move to a new, unpredictable location. Additionally, the amount of time
108 participants had to prepare their movements depended on the frequency at which the target moved. At low
100 frequencies, the target oscillated slowly, providing people ample time to prepare their movements. But at
1o high frequencies, the target oscillated quickly, forcing people to respond quickly (similar in effect to other
11 approaches to limiting preparation time, such as forcing responses at particular time intervals [32]).

112 With practice, participants learned to reduce the positional error between the target and cursor (Fig 3B).
113 We examined participants’ tracking performance at different frequencies of movement using a system identi-
ua fication approach [33-37|, which allowed us to separately examine the behavioral responses to target move-
1s  ments at different frequencies even though they occurred concurrently in the task. Specifically, we computed
116 the gain and direction of cursor movement relative to target movement at each frequency, which can be
1z interpreted analogously to the reach direction analysis for the point-to-point task in Fig 2B (see Methods
us for more details). Each arrow in Fig 3C shows the gain and direction of cursor movements in response to
110 target movement at a particular frequency. Ideally, participants would track the target by moving their
120 cursor in the same direction as the target. Thus, cursor responses to positive z-axis target movement (green)
122 should be pointed rightwards while responses to positive y-axis target movement (purple) should be pointed
122 upwards, which indeed was the case at baseline. By late learning, all groups exhibited movement gains and
123 directions that approached that of baseline performance.

124 To statistically compare each group’s performance, we computed the gain of horizontal cursor movements
125 at the frequencies of z-axis target movement (z-component of green arrows in Fig 3C). Gains improved from
126 day 1 to day 2 in the 2-day group (Fig 3D; linear mixed effects model with post-hoc Tukey test; p < 0.05
127 for 4 out of 6 frequencies) and from day 2 to day 5 in the 5-day group (p < 0.05 for 3 out of 6 frequencies).
12s  However, gains did not significantly improve past day 5 in the 10-day group (p > 0.05 for all frequencies).
120 These data demonstrate that, with practice, participants became able to successfully move their hands in
130 the appropriate direction to track the target and, as in the point-to-point task, the bulk of this improvement

1:1 occurred in the first 5 days.
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Fig 3. Performance in the tracking task under the bimanual mapping. A: Example cursor (black)
and target (red) trajectories from single trials. B: Mean-squared error between cursor and target positions.
Thin lines indicate individual participants while thick lines indicate group averages. Data collected from
different days are separated by gray lines. Data from only one or two blocks are shown for each day for
ease of visualization. C: Visualization of the cursor’s movement direction and gain (relative to the target)
at frequencies of - (green) and y-axis (purple) target movement. Each arrow depicts the direction and gain
averaged across participants at a single frequency. Lower and higher frequencies are depicted as darker and
lighter colors, respectively. Black lines are scale bars indicating a movement gain of 0.5. Visualization of
ideal movement direction is shown on the left. D: Gain of horizontal cursor movements at frequencies of
z-axis target movement (horizontal component of green arrows in Fig 3B). Error bars indicate SEM across
participants.
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122 Participants’ behavior in the point-to-point task was habitual after only two days

1 Of practice

13 Having examined participants’ skill, we next asked whether and when their behavior became habitual. Might
135 participants’ behavior become habitual around the same time their skill plateaued (i.e. by Day 5), early in
136 learning (i.e. by Day 2), or only after significant repetition of the stably performed skill (i.e. by Day 10)?
137 Or, lastly, might participants behavior never have become habitual? To determine this, at the end of each
138 groups’ final day of practice, we had participants control the cursor under a new flipped mapping where the
139 mapping between the left hand and the cursor movement was reversed relative to what they had originally
10 practiced (“flip” block), effectively amounting to a left-right mirror reversal applied on top of the originally
11 practiced bimanual mapping. Participants were explicitly informed about the reversal of their left hand’s
12 mapping, and we tested whether participants would habitually continue to control the cursor under the
13 originally learned bimanual mapping or successfully alter their behavior according to the flipped mapping.
144 First, we assessed whether participants exhibited habitual behavior in the point-to-point task. On a given
s trial, if participants could successfully control the cursor under the flipped mapping, then we would expect
146 their cursor’s initial movement to be aimed towards the true target (i.e., goal-directed). But if participants
1z habitually controlled the cursor according to the original bimanual mapping, then we would expect their
us cursor’s initial movement to be aimed towards a virtual target reflected directly across a vertical mirroring
e axis. We found that participants in all three groups exhibited both goal-directed and habitual behavior
1o during the flip block (Fig 4A) on different trials. We visualized how often participants’ movements were
151 aimed towards the virtual mirrored target as a heat map plotting the cursor’s initial movement directions
152 as a function of the target’s direction (Fig 4B). If participants reached towards the virtual mirrored target,
13 their initial cursor directions would lie along the y = —x line. Although none of the groups exhibited initial
1.2 cursor directions along this line at late learning, all groups did exhibit such behavior during the flip block.
155 We estimated the proportion of trials where participants initially reached towards the mirrored target by
15 fitting a mixture model to the reach direction data (see “Analysis of point-to-point task” section in Methods
157 for more details; see Supplementary Fig 2 for a model comparison and model recovery analysis), using this as
1ss & metric for how strongly participants exhibited habitual behavior. We found that the proportion of habitual
1se  movements was significantly higher in the flip block compared to late learning for all three groups (Fig 4C;
10 linear mixed effects model with post-hoc Tukey test; 2-day: t = —5.89, p < 0.0001; 5-day: ¢t = —9.18,
11 p < 0.0001; 10-day: t = —4.61, p = 0.0010). These data demonstrate that all groups exhibited habitual
162 behavior in the point-to-point task.

163 Perhaps surprisingly, the proportion of reaches towards the mirrored target was not significantly different


https://doi.org/10.1101/2022.04.28.489941
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2022.04.28.489941; this version posted May 7, 2022. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

A Goal-directed B 2-day
Mirrored 180
Target target R N
KIA ) C \
I . ‘.(G s 0 Q
.. i ) N 1
Initial cursor © AN
direction I Start % -180 =
. S 180
Habitual 2 8 L 8
1 .. ° AN N AN 0
| PN a 8 N\ N\ N
s = "é 0 AN AN N
f L = \ \ \
AN N N
| -180 \ » X A
-180 0 180 -180 0 180 -180 \O 180
12 cm o ] ]
— Target direction (°) Goal-directed  Habitual
component component
Goal-directed Habitual Habitual
C component component D E component
1 O’. 2 1
2, O o
. (o) N 2 ° -
'S; ‘. ' 4 g e o L] 'g)
5 0.5 ® % ° c1 ° 3 0.5
() ® o @ ® ©
= . © 2 g0 Oge = s:a
5-day o Qe o 8 e %°,
10-day % o
-000—— 0 0
Late Flip Late Flip Goal- Habitual First half Second half
Block directed

Fig 4. Analysis of habit in the point-to-point task. A: Cursor trajectories (black line) from single
trials in the flip block. The trajectories show trials where the cursor’s movement was initially aimed straight
towards the target (upper) or aimed towards a virtual target (lower) mirrored across the vertical axis (dashed
line). B: Heat map of cursor’s initial movement direction as a function of target directions. Data were pooled
from all subjects and grouped into bins of 30° on both axes. We defined 0° as the positive y-axis (i.e., the
mirroring axis). Within each target direction bin, we computed the fraction of trials which fell in a particular
reach direction bin, plotting this fraction as color intensity in the heat map. To measure the proportion of
trials where participants exhibited habitual behavior, we fit a mixture model composed of two weighted von
Mises distribution centered on either the y = x (goal-directed) or y = —x line (habitual behavior). C: Fitted
weights for the goal-directed (left) and habitual (right) components of the mixture model depicted in Fig 4B.
Fits for individual participants shown as small circles and group means shown as large circles. D: Reaction
time for reaches towards the actual target (goal-directed) versus a virtual mirrored target (habitual). E:
Weight of the habitual component of the mixture model when fit to data from either the first or second half
of the flip block. Thin lines are individual participants and thick lines are group means.
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16 between groups (Fig 4C; linear mixed effects model with post-hoc Tukey test; 2-day vs. 5-day: ¢t = 2.08,
s p = 0.3098; 2-day vs. 10-day: t = —0.46, p = 0.9973; 5-day vs. 10-day: ¢ = 1.08, p = 0.8887). In other words,
166 despite the fact that the 10-day group practiced using the original bimanual mapping for five times as long as
167 the 2-day group, they did not exhibit more strongly habitual behavior in the point-to-point task. Moreover,
s the reaction times for goal-directed reaches were not significantly different from habitual reaches (Fig 4D;
160 linear mixed effects model; no main effect of group [F(2,29) = 0.09, p = 0.9168], reach [F(1,29) = 0.03,
1o p = 0.8705|, or interaction [F'(2,29) = 0.09, p = 0.9167]), suggesting that the lack of differences across
1n groups in Fig 4C could not be explained by differences in the amount of time participants had to plan their
172 Iovements.

173 In the flip block, we noted that participants occasionally adopted a strategy of initially moving the cursor
17a vertically (the axis along which the mapping had not changed) before initiating the horizontal component
175 of their movement. Therefore, as an alternative assay for habitual behavior, we computed the proportion of
176 trials where the horizontal component of the cursor’s movement was initially directed away from the target.
17z This analysis yielded qualitatively similar results, with behavior in all three groups being habitual, and no
17s  significant differences in the strength of habits across groups (Supplementary Fig 3; linear mixed effects model
1o with post-hoc Tukey test; 2-day vs. 5-day: ¢t = —0.79, p = 0.9685; 2-day vs. 10-day: ¢ = 0.30, p = 0.9996;
10 5-day vs. 10-day: t = —0.28, p = 0.9998). Collectively, these results suggest that in the point-to-point task,
;1 participants exhibited equally strong habitual behavior regardless of whether they had practiced using the

1.2 bimanual mapping for two, five, or ten days of practice.

s Behavior in the tracking task also became habitual after only two days of practice

1sa  We next examined participants’ behavior in the tracking task to see whether they would exhibit similar
1ss  habitual behavior under the flipped mapping, or whether habit effects might even be exacerbated given
186 the imperative to generate movements rapidly while tracking the target. We compared the direction of
187 participants’ responses (i.e. cursor movement) to movements of the target between late learning and the flip
1ss  block (Fig 5A). During the flip block, if participants habitually behaved according to the original bimanual
180 mapping, then their hand movement in response to horizontal target movement would be similar to late
10 learning, and the horizontal movement of the cursor would therefore be directed opposite to the movement
11 of the target. We expected that the extent of this effect might vary according to the frequency of target
1.2 motion, with high frequencies being more likely to appear habitual owing to the need to respond more rapidly.
103 We normalized the cursor’s horizontal movement gain from the flip block by the gain from late learning such

10s that normalized gains of -1 would indicate habitual behavior (Supplementary Fig 4). (In subsequent analyses,

10
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105 we removed data from one outlier participant in the 10-day group—Dbottom left participant in Supplementary
106 Fig 4—who exhibited erratic behavior in the flip block, with negative gains that were greater in amplitude
107 than at late learning.) In the first flip block, all groups on average exhibited negative gains at two or more
108 frequencies (Fig 5B; one-sample t-test with Holm-Bonferroni correction at o« = 0.05; 2-day: 2 of 6 frequencies;
100 D-day: 3 of 6 frequencies; 10-day: 2 of 6 frequencies), particularly at higher frequencies, as we expected.
200 However, we did not find any evidence that groups with more practice exhibited significantly more negative
200 gains than groups with less practice (linear mixed effects model with post-hoc Tukey test: p > 0.05 for all
202 comparisons of gains within frequencies).

203 The above analyses considers differences in behavior across groups. However, in previous work, we have
20a  found that habitual behavior can vary greatly across individuals [32]. We therefore also examined whether
205 Or not behavior was habitual at an individual-participant level. We calculated the proportion of participants
206 in each group who exhibited significantly negative gains during the flip block. In all three groups, we found
207 a mixture of habitual and non-habitual participants (Supplementary Fig 4; one-sample t-test with Holm-
20 Bonferroni correction at a = 0.05; 2-day: 5 of 13 participants; 5-day: 7 of 14 participants; 10-day: 3 of
200 4 participants). Although the proportion of participants who were habitual did appear to increase with
210 practice, it is difficult to conclude whether or not this trend was meaningful, particularly given the small

211 sample size of the 10-day group.

22 The strength of habitual behavior was correlated between the point-to-point and

a3 tracking tasks

214 Might there be any relationship between the habitual behavior we observed in the point-to-point and tracking
215 tasks? To examine this, we compared how strongly participants exhibited habitual behavior between the two
216 tasks. First, we averaged the gains of each participant’s tracking behavior at the highest three frequencies,
217 given that we expected habitual behavior to be strongest at these frequencies [37]. We then correlated
218 each subject’s average gain with the proportion of habitual reaches they made in the point-to-point task,
210 as in Fig 4C. Indeed, we found a correlation between tasks (Fig 5C, slope = —0.34, Pearson’s r = 0.49,

220 p = 0.0052), suggesting that the tasks may have indeed assessed the same underlying habit.

2z All groups’ habits were similarly resistant to extinction

222 An alternative way in which behavior may become habitual is by becoming more persistent, i.e., resistant
223 to extinction. In other words, as one’s skill increases, the habits one forms may persist for longer. To assess

224 whether habitual behavior would became more persistent with more training, we examined participants’
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Fig 5. Analysis of habit in the tracking task. A: Visualization of the cursor’s movement direction
and gain (relative to the target) while using the flipped mapping, similar to Fig 3B. Each arrow depicts the
average across participants at a- (green) and y-axis (purple) frequencies. Lower and higher frequencies are
depicted as darker and lighter colors, respectively. Black lines are scale bars indicating a movement gain of
0.5. Flip 1 and Flip 2 are the first and second tracking blocks under the flipped mapping, respectively. At
the top, we depict the direction the green arrows should point if participants exhibit goal-directed (right) or
habitual (left) behavior. B: Gain of horizontal cursor movements under the flipped mapping normalized to
the gain under the original bimanual mapping at late learning. If participants responded to target movement
by moving their cursor in the same direction under both the original and flipped bimanual mappings, then
the gain would be positive, approaching 1 if the movement gains were the same (goal-directed; yellow dashed
line). But if they moved their cursor in opposite directions under the two mapping, then the gain would
be negative, approaching -1 (habitual; brown dashed line). Error bars indicate SEM across participants. C:
Linear regression between average gains of the highest 3 frequencies from the first flipped tracking block and
the proportion of habitual reaches from the flipped point-to-point block in Fig 4C. Data from one outlier
subject in the 10-day group (crossed out in black) was not used for fitting.
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225 performance in a second tracking block under the flipped mapping, after having practiced the flipped mapping
226 in a point-to-point block Fig 1). At the group level, participants no longer exhibited significantly negative
227 gains at any frequency (Fig 5B; one-sample t-test with Holm-Bonferroni correction at a = 0.05), suggesting
228 that the habits had been largely extinguished in all groups. However, at the level of individual participants,
220 all 3 of participants in the 10-day group who exhibited negative gains in the first tracking block still did
230 80 in the second tracking block. Meanwhile, only 1 of 5 of participants in the 2-day group and 2 of 7 of
231 participants in the 5-day group still exhibited significantly negative gains. While these data suggest that
232 habitual behavior may have been more persistent in the 10-day group, again, they must be interpreted with
233 caution given the small sample size of this group.

234 We attempted a similar analysis of the persistence of participants’ habits by fitting the mixture model
235 from Fig 4D to the first and last 50 reaches in the block instead of all 100 reaches. However, we found no
236 evidence for any difference in the strength of habitual behavior between the first and last half of the block
237 for all groups (Fig 4E; linear mixed effects model with post-hoc Tukey test; 2-day: ¢ = —0.49, p = 0.9963;
as B-day: ¢ = 1.11, p = 0.8747; 10-day: ¢ = 1.17, p = 0.8493), suggesting that this aspect of habitual behavior

239 did not become extinguished over this period.

2«0 Discussion

2a1 In the present study, we examined the time course over which habitual behavior emerged as participants
2a2  learned a new continuous motor skill—controlling a cursor under a novel bimanual hand-to-cursor mapping.
2a3  Participants became more skilled in using this mapping by practicing with a combination of point-to-point
2aa  reaches and continuous tracking, and their skill level plateaued after around five days of practice. After either
2as  two, five, or ten days, we flipped the left hand’s control of the cursor and tested whether participants would
2e6  habitually continue to control the cursor according to the original mapping they had learned. We found that
2a7  habitual behavior emerged after only two days of practice, which we observed in both the point-to-point and
2as tracking tasks. We did not find compelling evidence, however, that habitual behavior became stronger with
220 More practice.

250 While we mainly focused on assessing how strong habitual behavior became during learning, to a limited
251 extent, we also assessed how persistent habits became, examining whether habits were extinguished through
252 exposure to the flipped mapping. While this short period of practice seemed to be sufficient to extinguish
23 the habit in the tracking task, we did not observe extinction in the point-to-point task. It is unclear why we
252 observed a difference between the two tasks; although we expected the strength of habitual behavior to be

255 affected by the amount of preparation time participants were afforded in each task, we did not expect habit
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256 persistence to be affected. However, we emphasize that we did not find strong evidence to suggest that the
257 persistence of habitual behavior depended on how long participants practiced the bimanual mapping.

258 It is important to note that when we analyzed individual participants’ behavior, we found that a greater
250 proportion of participants exhibited habitual behavior with more practice. Therefore, taking a conservative
260 interpretation, one could say that our results are inconclusive as to whether behavior became more habitual
261 with more practice. However, the inferences we could draw from the individual participant analysis were
262 limited because they critically relied on data from our most practiced group which had a small sample size
263 (n =15), and if one were to only use data from the other two larger groups, there is little evidence to suggest
26a more participants in the 5-day group (n = 14) exhibited habitual behavior than the 2-day group (n = 13).
265 Furthermore, our main result that the emergence of skill and habit dissociated during learning would not be
26s impacted by the findings of the individual participant analysis.

267 One additional aspect of our experiment that we did not discuss (since it was not directly relevant to our
2es primary question of when control became habitual) was that at the end of each day, participants performed an
260 additional tracking block without visual feedback of the cursor’s position. We used this block to examine the
270 extent to which participants’ learning could be attributed to improvements in feedforward control. However,
271 we found that for all groups, there was negligible improvement in mean-squared tracking error throughout
a2 learning and movement gains remained low (Supplementary Fig 5), indicating that participants were not
273 capable of expressing their learned behavior without visual feedback of the cursor.

274 Collectively, our results suggest a dissociation between the emergence of skill and habit during motor
275 learning: behavior can become habitual early in learning before one’s skill level has asymptoted, and likewise,
276 behaviors which have already become habitual can still become more skillful through practice. Our findings
a7z parallel that of [32] who demonstrated that participants learning an arbitrary visuomotor association task
ars  exhibited improved speed-accuracy tradeoffs (i.e., improved skill) over twenty days of practice, even after
270 behavior had become habitual after four days of practice. They further found that the habits could be ex-
2s0  plained as an all-or-none phenomenon (i.e., one either is or is not habitual), consistent with our observation
2s1  that habitual behavior did not become stronger with more practice. The skill in [32] is quite rudimentary in
282 that performance improvements amount only to speeding up action selection by tens of milliseconds, which
2s3  might potentially have occurred via a specialized mechanism. In the present study, however, the improve-
28 ments in skill after becoming habitual were more significant and unlikely to be explained by improvements
285 in the processing speed alone. The similarity of the results between the two studies suggest a potential
286 commonality in the process by which habits form when learning new skill in both discrete and continuous
27 domains.

288 Many studies of habits have suggested that habits may not be an all-or-nothing phenomenon, but that
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280 some habits could be stronger or weaker that others. It remains unclear, however, exactly what it means for a
200 behavior to become more strongly habitual. Habit strength could correspond to the strength of its immediate
201 influence on behavior, e.g. how likely a habit is to be expressed, or it could correspond to how much the
202 habitual behavior persists, or to some other related feature of behavior (e.g. stereotypy of movement. What
203 metrics should we use to quantify these characteristics of habits? In our study, we quantified habit strength
20a  differently between the point-to-point (probability of expressing a habitual reach) and tracking tasks (gain
205 of habitual movement), though we found that these measures were correlated. While this might suggest
206 that these two assays measured a single underlying in different ways, we did also observe a dissociation
207 in the persistence of behavior measured by these two different assays. Characterizing the ‘strength’ of a
208 habit is further complicated by the fact that multiple component processes/computations may be involved
200 in generating movement, and any one of these processes may become habitual. For instance, one’s ability
300 to select what action to do (e.g., move the cursor to the right) may become habitual independently of
s00  one’s ability to execute that action (e.g., stereotyped kinematics of rightward movement; see [21] for a more
302 in-depth discussion of this idea).

303 The present study provides new and important empirical evidence regarding how habits form and their
s0a  relationship to skill. Our findings also have important implications for theoretical accounts of habits. A wide
s0s  variety of theories have been proposed to explain the cognitive basis of habits, such as forming stimulus—
s0s Tesponse associations [12-15], caching expected future rewards [38-40], and caching computations/policies
so7  [19,41]. Central to these theories is the idea that habitual behavior is inflexible to change. Though behavioral
s0s inflexibility is (rightly) central to the definition of habits, our findings suggest that one may not need to break
s00 & habit in order to alter habitual behavior. To account for this, theoretical accounts of habits should allow
s10  scope for habitual behaviors to remain flexible to some degree. Learning rules which might accomplish this
su1  are incorporated into reinforcement learning-based frameworks, in which habitual behavior is often identified
a1z with model-free reinforcement learning which can still learn from experience, albeit slowly [38-40]. Our
a1z results underscore that habitual behavior is not set in stone, but can continue to evolve with experience—in
;14 this case, over multiple days of practice, unlike in model-free reinforcement learning where it can be observed
a5 in single trials [42].

316 How could a behavior be altered yet simultaneously remain habitual? If it is true that individual behaviors
;17 are generated via multiple intermediate computations that can independently become habitual, then it is
a8 possible for one computation to become fixed (i.e., habitual) while a different computation continues to
a0 improve with practice (i.e., more skillful). For instance, participants in our experiment may have habitually
20 chosen to use a controller for the bimanual mapping, but their movement execution having chosen this

s21 controller could still become quicker and more precise. Alternatively, it is possible that computations which
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322 have become habitual simply maintain some small level of flexibility within which the behavior can be altered,
323 but this learning may be slow and limited in scope. Understanding how exactly flexibility arises in habitual
322 behavior should be a focus of future work.

325 To conclude, a behavior becoming habitual is often viewed as the final step in learning: learned behavior
326  must be repeated in order to render it habitual, at which point it becomes a persistent and dependable
32z component of skilled performance. While this idea may seem intuitively true, it has not previously been
s2s  empirically tested. Our results challenge this view, suggesting that behaviors become habitual early in
320 learning but maintain some flexibility to change with experience. What do our results ultimately suggest
330 about the role that habits play when we learn new motor skills? During learning, one may encounter
331 situations where they must alter their behavior to improve task performance, and often these behaviors will
332 have already become habitual through practice. Overcoming habits will likely be frustrating when one must
;33 substantially alter their behavior [43]. But if only slight alterations are needed, then one may be able to fine

332 tune their habit without having to break it.

s Methods

e Participants

sz A total of 32 right-handed participants were recruited for this study (23.0 £4.3 [mean + standard deviation];
s3s 13 male, 19 female), 13 for the 2-day group, 14 for the 5-day group, and 5 for the 10-day group (recruitment
s3e  for the 10-day group was cut short due to the COVID-19 pandemic). All participants reported no prior
sa0  history of neurological disorders. All methods were approved by the Johns Hopkins School of Medicine
sa1  Institutional Review Board and were carried out in accordance with relevant guidelines and regulations.

sa2  Informed consent was obtained from all participants in the study.

s Experimental setup

saa  Participants were seated in front of a table with both of their hands supported on the table by frictionless air
sas sleds. The position of participants’ hands were monitored at 130 Hz using a Flock of Birds magnetic tracker
sss  (Ascension Technology, VT, USA) placed near each hands’ index finger. Participants viewed stimuli on a

sa7  horizontal mirror which reflected an LCD monitor (60 Hz), and the mirror obscured vision of both hands.
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s Tasks

a0 Participants learned to maneuver an on-screen cursor (circle of radius 2.5 mm) using one of two versions of a
50 bimanual hand-to-cursor mapping. Half of the participants learned one version where up-down movements
51 of the left hand produced right-left movements of the cursor while right-left movements of the right hand
52 produced up-down movements of the cursor. The other half of participants learned a different version
53 where the mapping from hand to cursor movements were 180° rotated relative to the previous version. We
ssa  counterbalanced these two versions of the mapping to ameliorate any effects biomechanics may have had on
35 our results.
356 Three different groups practiced the bimanual mapping over either two, five, or ten days of training.
357 Training consisted of participants making point-to-point reaches towards randomly placed targets (circles
sss  of radius of 10 mm) within a 20 x 20 cm workspace. Participants were instructed to reach towards each
o target as quickly and accurately as possible, with each trial consisting of one target location. Once the
30 cursor was stationary (speed < 0.065m/s) within the target for 1 second, the target appeared in a random
se1  direction 12 cm away. To encourage participants to move quickly, we provided feedback to the participants
se2  indicating whether their peak velocity exceeded 0.39 m/s on that trial. If this threshold was exceeded, the
se3  target turned yellow and a pleasant tone was played once the cursor reached the target, and if the threshold
sea  was not exceeded, then the target did not turn yellow and no tone was played. The baseline point-to-point
ses  block consisted of 30 trials while all other point-to-point blocks consisted of 100 trials.
In between blocks of point-to-point reaching, participants performed a manual tracking task. In this task,
a target moved continuously on the screen in a sum-of-sinusoids trajectory. The trajectory was composed of
twelve sinusoids, six each in the z- and y-axes, parameterized by amplitude, @, frequency, &, and phase, (E,

vectors. The target’s position along a single axis, r, was computed as:

6
r= Z a; cos(2mtw; + ¢;) . (1)

i=1

see  For the z-axis, @ = [2.31,2.31,2.31,1.76,1.30,0.97] (cm) and & = [0.1,0.25,0.55,0.85,1.15,1.55] (Hz). For
sz the y-axis, @ = [2.31,2.31,2.31,1.58,1.03,0.81] (cm) and & = [0.15,0.35,0.65,0.95,1.45,1.85] (Hz). The
ses  values of 5 were randomized between [—7, 7). Each trial lasted 66 seconds, and during the first 5 seconds
seo  Of each trial, the target’s amplitude ramped up linearly from 0 to its full value. Each block consisted of 5
s70  trials. Periodically, participants performed a tracking block without visual feedback of their cursor.

371 To assess the extent to which participants control of the bimanual mapping had become habitual, at the

sz end of each groups’ final day of training, we flipped the left hand’s mapping to cursor movement (flip block):
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373 up-down movements of the left hand now resulted in left-right movements of the cursor instead of right-left
s7a  (in the case of the 180° rotated bimanual mapping, right-left movements of the cursor became left-right).
375 We required three different groups of participants for this experiment because we assessed habitual behavior
s76  at different time points during learning, and after a participant has used the flipped mapping once, any
377 future learning of the original bimanual mapping would be contaminated. The order of all blocks during the

378 experiment is depicted in Fig 1.

s Data analysis
0 Software

ss1  Data analyses were performed in MATLAB R2018b (The Mathworks, Natick, MA, USA) and R version
sz 4.0.2 (RStudio, Inc., Boston, MA, USA; [44]) using the Matrix [45], lme4 [46], lmerTest [47], and emmeans

ss3  packages [48]. Figures were generated using Adobe Illustrator (Adobe Inc., San Jose, CA, USA).

ssa  Analysis of point-to-point task

sss  The cursor’s position in each trial was smoothed using a third-order Savitzky-Golay filter. Path length was
sss  defined as the total distance that the cursor traveled in a single trial. Movement time was defined as the time
ss7  between movement initiation (when the cursor left the start target) and termination (when the cursor was
sss  in the end target with speed < 0.065m/s). Reaction time was defined as the time between when the target
s appeared and the cursor’s tangential velocity exceeded 0.1 m/s. Reaction time was not computed for a small
300 minority of trials (1260 out of 41560) where the velocity did not exceed 0.1 m/s. Peak velocity was defined
se1  as the cursor’s highest tangential velocity. We computed the tangential velocity by linearly resampling the
32 cursor’s position at the times recorded by the Flock of Birds and computing the distance traversed by the
303 cursor between two consecutive samples divided by the time elapsed. Resampling was necessary because,
sea  Occasionally, the recorded time at which a sample was collected by the Flock of Birds did not match the true
35 time at which it was collected, causing the calculated velocity to be inaccurate. Velocity profiles were also
se6  smoothed using a third-order Savitzky-Golay filter.

Initial reach direction was defined as the direction of the instantaneous velocity vector 150 ms after
movement initiation. Initial reach direction error was computed as the difference in angle between this
instantaneous velocity vector and the vector pointing from the target on the previous trial to the target
on the current trial. Probability density functions were estimated for reach direction errors using a kernel
smoothing function, implemented as the ksdensity function in MATLAB. We measured the variability in

participants’ initial reach direction errors (i.e., how consistently straight participants reached towards the
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target) by fitting a mixture model to this data. In the model, we assumed that participants’ reach direction
errors, x, were generated by one of two causes: 1) an error from a goal-directed reach towards the target
(modeled as a von Mises distribution) or 2) an error from a reach in a random direction (modeled as a

uniform distribution). The probability density function of the mixture model, mix(-), was defined as
mix(z | g, k, o) = a-vm(z | g, k) + (1 — @) - unif(x) (2)

where « is a parameter valued between 0 and 1 weighting the probability density functions of the von Mises,
vin(-), and uniform distributions, unif(-). The probability density functions of the individual distributions
were defined as

eh cos(z—p) 1

rlo(n) unif (x) = 7 (3)

vm(z | k) =
Here, p and k are the mean and concentration of the von Mises distribution and Iy(+) is the modified Bessel
function of the first kind with order 0.

The parameters u, «, and a were fit to the data from single participants in each block via maximum

likelihood estimation. Specifically, we used the MATLAB function fmincon to determine the values of the

parameters that would maximize the below likelihood function over the n trials within one block:

n

i1, k, & = argmax {Zlog [mix(xi | 14, m,a)] } . 4)

L, K, :
oK, =1

Then, using the fitted concentration parameter of the von Mises distribution, %, we computed the circular
standard deviation, o, as

o=+/—2I(R), R=I(k)/Ik). (5)

We used o as our measure of the variability of participants’ reach direction errors.

To assess the whether participants exhibited habitual behavior during the flip block, we quantified each
participant’s tendency to reach towards the true target versus a virtual target flipped across the mirroring
axis. More specifically, we assumed that for each trial, participants’ initial reach direction could be explained
by at least one of three causes: 1) a goal-directed reach towards the target, 2) a habitual reach towards the
mirrored target, and 3) a reach aimed towards neither target (i.e., random movement). We modeled the first
two causes as von Mises distributions with different means—¢o, and ¢,,, set by the direction of the actual
and mirrored targets, respectively—but the same concentration parameter, k. For each participant, we fixed
the concentration parameter to be equal to the &’s estimated for late learning in Eq 4. We modeled the third

component, random movements, as a uniform distribution.
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Assuming that each participant’s behavior within one block could be modeled as a weighted mixture of
these three distributions, mix’(-), we used the MATLAB function fmincon to determine the weights, a, and

Qm, that would maximize the following likelihood function over the n trials within one block:

O, Oy = argmax{ Z log [mix'(z | ¢a, Prm. n)]} (6)
Gar@m =y
where
mix' (2 | ¢, P, k) = Qo - V(T | Poy K) + O - vIU(T | Gy k) + (1 — g — ) - unif (z) . (7)

Here, x represents participants’ reach directions while o, and «a,, correspond to the probabilities that a
participant reached towards the actual, and mirrored targets, respectively. Definitions for vmm(-) and unif(-)
can be found in Eq 3. We used &y, as our metric for the strength of habitual behavior. For Fig 4E, instead
of fitting this model to all trials in the flip block, we fit the model to either the first or second half of trials
in this block.

We used the fitted weights from this approach to classify each trial as either goal-directed, habitual,
or random. For each trial, we computed the probability that the reach direction was generated from each
of the three mixture components under the fitted mixture model’s probability density function (in essence,
computing p(reach direction | goal-directed), p(reach direction | habitual), and p(reach direction | random).
Trials were classified as goal-directed, habitual, or random based on which of these three probabilities was
the highest. We excluded trials where the direction of the target was within 30° of the mirroring axis (the
y-axis) as the von Mises distributions for the goal-directed versus habitual reaches would have similar means
and, therefore, would be too difficult to distinguish from each other (1153 out of 3200 data points excluded).
We used this classification to compute the reaction times of goal-directed versus habitual reaches in Fig 4D.

Additionally, we compared the model in Eq 7 with an alternative model which was designed to capture
behavior where participants would move their right hand (controls vertical cursor movement) in the correct
direction but their left hand (controls horizontal cursor movement) would generate random movements. We
modeled participants reach directions, x, given the target’s direction, ¢,, as a mixture of two weighted

uniform distributions:

. a - unif*(z), (sin(x) > 0 & sin(¢,) > 0) | (sin(z) < 0 & sin(¢,) < 0)
mix*(z | ¢a) = (8)

(1 — ) -unif*(x), (sin(z) <0 & sin(¢,) > 0) | (sin(z) > 0 & sin(¢,) < 0)

where

3=
—
o
S~—

unif*(x) =
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423 Here, « is the probability that the cursor moved vertically in the correct direction. The fits for the models
a2 in Eq 7 and Eq 8 were compared using BIC. Model recovery analyses were performed by simulating data
a2s  from both of these models, fitting both models to each simulated dataset, comparing fits using BIC, and
426 generating a confusion matrix. To generate data from Eq 7, we used values for o, and «,, that ranged
22z between 0 and 1, and we fixed k = 3. Lower «’s set higher variability for the von Mises distributions (i.e.,
«2s  harder to distinguish from the model in Eq 8), so we fixed k to be the lowest average x that we observed
a20 in the late learning data from any group, as estimated in Eq 4. Model recovery across different choices of
430 parameters were compared by computing the accuracy of the confusion matrices.

431 As an alternative approach to assessing whether participants exhibited habitual behavior while using the
432 flipped mapping, we assessed whether their horizontal cursor movements were aimed away from the target.
433 Using only the cursor’s z-axis position, for each trial, we determined whether the cursor’s instantaneous
a3a velocity vector was aimed towards the right or left 150 ms after the cursor deviated 1 cm from the center of
a5 the starting target (i.e., the radius of the target). We classified cursor movements in each trial as moving
w36 away from the target if the velocity vector’s direction was opposite of the direction of the target relative to
437 the starting position (e.g., target located to the left but cursor moving towards the right). This method was
a3s  unable to compute an initial horizontal reach direction on a small minority of trials (95 out of 3200 trials)
430 where the target on the current trial was either directly above or below the target from the previous trial.
a0 This was because either: 1) the cursor did not deviate 1 ¢m horizontally away from the center of the starting
a1 target (i.e., the radius of the target), making it impossible to detect the time of movement initiation, or
22 2) the detected movement initiation time was less than 150 ms prior to the end of the trial, meaning that
a3 the trial ended before the time at which we assessed reach direction. These trials were excluded from the

aaa  analysis.

ws  Analysis of tracking task

s Data from two tracking trials (each from different subjects) were excluded from the analysis because our
a7 experiment hardware failed to accurately record the positions of stimuli with known positions. Tracking
ws error was computed as the mean-squared error between the cursor’s and target’s positions. Time-domain
w0 trajectories of the cursor’s and target’s position (the first 60 seconds of each trial following the initial 5 second
a0 ramp period) were converted to phasors (complex numbers representing sinusoids) in the frequency domain
a1 via the discrete Fourier transform. An input-output transfer function was computed at every frequency by
w2 dividing the cursor’s phasor by the target’s phasor. This transfer function described the relationship between
43 the cursor and target sinusoids in terms of gain (relative amplitude) and phase (difference in time).

54 Using these transfer functions, we sought to describe the direction that participants moved their cursor
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a5 to track the target. In this task, participants’ cursor movements would conventionally be described as phase
«se  lagged relative to the target with a positive gain (i.e., moving in the same direction as the target with a time
47 delay). However, when a mirror reversal has been applied (such as in the flipped mapping), participants’
a8 may habitually continue to use their original control policy, causing their movements to be flipped across
sso  the mirroring axis relative to before. Although the relationship between movements before and after the flip
260 could be described as movements with positive gain but now in antiphase (i.e., moving in the same direction
261 as the target but with more time delay), a better way to describe them would be to say that the movements
sz have the same phase but a negative gain (i.e., moving with the same time delay but in the opposite direction
s63 of the target).
Given that conventional analysis methods always yield a positive gain to describe frequency-domain data,
we used the method described in [37] to compute a signed gain, g, relating cursor and target movements.

This was computed as the dot product between transfer functions:

g=a-b (10)

ss where a is the transfer function for a given block of interest and b is the transfer function at baseline with
a5 unit length. Computing the dot product implicitly fixes the phase of cursor movements to be the same as
a6 Dbaseline across all blocks, allowing a signed gain to be computed. This assumption of fixed phase is valid
a7 for analyzing data in late learning as participants’ phase lags under the bimanual mapping became more
a8 similar to baseline through practice. We computed this signed gain between each axis of target and cursor
60 movement (z-axis target movement and z-axis cursor movement, z-axis target movement and y-axis cursor
470 movement, etc.), building a series 2 x 2 matrices relating the transformation between the two trajectories
a1 where each matrix represented the transformation within a small bandwidth of frequencies. The green
a2 (purple) arrows in the Fig 3C and 5A were generated by plotting the first (second) column of each matrix.
a3 Fig 3D and Supplementary Fig 5B was generated by plotting the element in the first row and first column
aza  of each matrix.

a7s To quantify the strength of habitual behavior in Fig 5B, we reanalyzed the gain between x-axis target
w76 and z-axis cursor movements from the flip blocks by fixing their phases to be the same as late learning. We
a7z did this because any habitual behavior would manifest as lingering usage of the originally learned bimanual
a7e  mapping, and the habit should be measured with respect to behavior under this mapping. When analyzing
470 these normalized gains at the group level, we excluded one outlier participant in the 10-day group who
a0 exhibited dramatically more negative gains than other participants within the group (lower left participant

w1 in Supplementary Fig 4). To compare the habitual behavior we observed between the point-to-point and
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«2  tracking tasks, we correlated each participant’s a,, from Eq 6 with their normalized gains (averaged over

ss3  the highest three frequencies) from Fig 5B via linear regression.

ssa  Statistics

ass  Most primary statistical analysis were performed by fitting linear mixed effects models to the data. For
w6 all analyses in Fig 2, the models used group (2-, 5-, or 10-day) and block (2-day: day 1 vs. day 2; 5-day:
«s7 day 2 vs. day 5; 10-day: day 5 vs. day 10) as fixed effects and subject as a random effect. For Fig 4C
a8 and E, models used the same group and subject effects but with a different set of blocks being compared
w0 ([late learning vs. flip block| and [first half of flip block vs. second half of flip block], respectively). For
a0 Fig 4D, models used the same group and subject effects but with reach type as an additional fixed effect
201 (goal-directed vs. habitual). Post-hoc pairwise comparisons were performed using the Tukey test.

402 For data from the tracking task, mixed effects models were fit using the same effects as Fig 2 but with
a3 an additional fixed effect of frequency. We also fit separate models to data from each frequency because
s behavior varied dramatically as a function of frequency. Post-hoc pairwise comparisons were performed
a5 using the Tukey test. An additional Bonferroni correction factor of 6 was applied to the p-values for pairwise
a6 comparisons to account for the separate models fits for each frequency. Additionally, to determine whether
a7 participants exhibited significantly negative gains in the tracking task, for each frequency, we performed a
ss  series of one-sample t-tests and corrected for multiple (6) comparisons using a Holm-Bonferroni correction

499 Wlth a = 0.05.
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Supplementary Fig 1. Kinematics of point-to-point movements. Peak velocity, path length, move-
ment time, and reaction time of point-to-point movements from baseline to late learning. Data were averaged
across bins of 5 trials and error bars indicate SEM across participants. Baseline values for each group are
shown as horizontal lines. Different days are demarcated by gray vertical lines.
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Supplementary Fig 2. Model comparison and model recovery analysis. A: Depictions of the
two mixture models fit to participants’ initial reach directions. (Left) Model composed of two von Mises
distributions centered around the y = x (captures goal-directed reaches; solid line) and y = —z lines (captures
habitual reaches; dashed line) as well as a uniform distribution (captures random reaches). This model
would be appropriate if cursor movements were generally aimed either directly towards the target or towards
a virtual target mirrored across the y-axis. (Right) Model composed of two weighted uniform distributions
capturing cursor movements towards (non-hatched area) or away (hatched area) from the target in the y-
axis. This model would be appropriate if participants generated correct right-hand movements (vertical
movements of the cursor) but random left-hand movements (horizontal movements of the cursor). Heat
maps of data from the 2-day group in the flip block are shown for reference. 0° is defined as the positive
y-axis. B: Comparison of models fitted to data from the flip block. Lower BIC scores indicate better fits. C:
Model recovery analysis. We simulated data from both the von Mises and uniform mixture models and then
fit both models to this data, examining which model fit the data better using a confusion matrix. Accuracy
of the confusion matrix is plotted for these combinations of weights. When data are generated from the
von Mises mixture model with the weights of the two von Mises components summing to be over 0.5, the
accuracy was 100%. Empirically, we found that the sum of these weights is generally well over 0.5 (Fig 4D),
suggesting that the von Mises mixture model can be recovered with the type of behavior we observed.
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Supplementary Fig 3. Reach direction analysis of horizontal cursor movements. The analysis
in Fig 4C quantified habitual behavior based on the cursor’s initial reach direction, which may not have
captured habitual behavior which occurred later in the trial. As a result, we performed an additional analysis
quantifying the proportion of horizontal cursor movements initially aimed away from the target. A: Example
cursor trajectory (black line) where habitual behavior occurred towards the end of a reach; although the
cursor’s movement was initially aimed along the mirroring axis (blue), the cursor was aimed away from the
true target towards the end of the movement (orange). Mirroring axis shown as a dashed line. B: Percentage
of trials where the cursor’s initial horizontal movement was aimed away from the target.
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Supplementary Fig 4. Gain of movements under the flipped mapping from single participants.
Data from five participants in each group during the first flipped tracking block are shown, with individual
trial data shown as small dots and averages across trials shown as black lines. These data were used to
generate Fig 5B.
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Supplementary Fig 5. Analysis of tracking trials without visual feedback of the cursor. A:
Mean-squared error between cursor and target positions. Thin lines indicate individual participants while
thick lines indicate group averages. Data collected from different days are separated by gray lines. B: Gain
between target and cursor movements at frequencies of z-axis target movement. Lower and higher frequencies
are depicted as darker and lighter colors, respectively. Error bars indicate SEM across participants.
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