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Abstract

Habits — automatic behavioral patterns formed through repeti-
tion — are essential for daily functioning, but can also lead to
inflexible behavior. While crucial for understanding both adap-
tive and maladaptive decision-making, studying habits’ com-
putational and neural mechanisms has been challenging due
to limited laboratory experiments demonstrating overtraining-
induced inflexibility. We developed a novel task with features
designed to encourage participants to engage goal-directed
(GD) control between trials (interleaving extensively- and
minimally-practiced contexts), then naturally release control
within trials (hierarchical multi-step trial structure and oppor-
tunities to self-correct). Results showed that overtrained par-
ticipants displayed stronger biases toward behaviors learned
in extensively-practiced contexts, evidenced by higher Habit
Index values at early response times. This effect decreased
at later response times, suggesting participants could override
habitual impulses with GD control. Our computational model,
characterizing behavior as a mixture of reinforcement-learned
policies, reproduced observed behavioral patterns, suggesting
that habits can be viewed as goal-directed deployment of over-
trained policies.

Keywords: habits; human behavior; reinforcement learning;
computational modeling

Introduction

A habit is a behavior that has become ingrained through rep-
etition, so that it is elicited automatically by cues that have
historically signaled the availability of a desired outcome
(Wood & Riinger, 2016). For frequently encountered situa-
tions, habits can be adaptive and efficient: at a familiar inter-
section during your commute, you might automatically en-
ter the left-turn lane and eventually arrive at work with min-
imal cognitive effort. However, when goals or environmen-
tal conditions change, this automaticity can become maladap-
tive: when driving to a doctor’s appointment instead of work,
you might habitually turn left at the usual intersection, even
though the quickest route requires a right turn. Understand-
ing habits is thus crucial both for explaining adaptive behav-
ior and for understanding psychiatric dysfunction, where ha-
bitual control may become dysregulated (Gillan et al., 2011;
Everitt & Robbins, 2016; Uniacke, Timothy Walsh, Foerde,
& Steinglass, 2018).

Classic animal studies using outcome devaluation
paradigms demonstrated that initially goal-directed be-
haviors gradually become automatized with extended
practice, persisting even when they no longer lead to de-
sired outcomes (Adams, 1982; Dickinson, Balleine, Watt,

Gonzalez, & Boakes, 1995). Lesion studies further revealed
that goal-directed behaviors and these gradually-formed,
outcome-insensitive habits are supported by distinct neural
circuits (see Lingawi, Dezfouli, & Balleine, 2016 for a
review). However, translating these findings to humans has
proven challenging: experiments using outcome devaluation
have typically failed to detect effects of practice amount on
subsequent behavioral inflexibility (Tricomi, Balleine, &
O’Doherty, 2009; de Wit et al., 2018; Pool et al., 2022; Gera
et al., 2023), and many tasks designed to measure habits in
humans appear more sensitive to goal-directed control than
to putative habit measures (Gillan, Otto, Phelps, & Daw,
2015; Friedel et al., 2014; Sjoerds et al., 2016; Linnebank,
Kindt, & de Wit, 2018).

One potential explanation is that human participants too
readily engage goal-directed control in laboratory tasks,
masking any strengthening of habitual impulses from over-
training. Supporting this interpretation, Luque, Molinero,
Watson, Lépez, and Le Pelley (2020) observed that over mul-
tiple days of training, participants become slower to respond
correctly to devalued stimuli, indicating the presence of habit-
ual impulses that conflict with, but are ultimately suppressed
by, goal-directed control. Schwabe and Wolf (2009) demon-
strated that acute stress leads to increased devaluation in-
sensitivity, suggesting that limiting cognitive resources can
reveal habit-like inflexibility. Indeed, Hardwick, Forrence,
Krakauer, and Haith (2019) used a forced response time (RT)
paradigm to show that, following a contingency reversal, par-
ticipants overtrained over multiple days commit more habit-
consistent slips of action than minimally-trained participants,
primarily when forced to respond quickly (<600ms), sug-
gesting that habits can be observed when goal-directed con-
trol has had insufficient time to prepare a response.

Following the insight that limiting participants’ ability to
exert goal-directed control can help uncover their habits, we
developed a task inspired by Hardwick et al. (2019) that
incorporates features designed to encourage participants to
naturally release goal-directed control, allowing us to ob-
serve overtraining effects within a single experimental ses-
sion without artificially constraining control. Behavioral and
computational results support our prediction that this ap-
proach would enable us to reveal both habit formation and,
separately, control, in a short lab-based experiment, opening
the door to future research on human habits.
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Figure 1: Experimental design. (A) Each trial has three

stages: stage 1 presents state S1, stage 2 presents S2, and
stage 3 presents a random terminal state (maze arms S3-S6,
equiprobable). Correct choices advance to the next stage,
with correct terminal state responses earning reward (1 point);
incorrect responses or timeouts (>2s) return to the same state
with feedback; an exception is test phase stage 3, when no
feedback is shown for correct or incorrect responses. Context
is indicated by avatar color at stage 1 of each trial, and hid-
den for stages 2-3. The correct actions for two of the terminal
states (“incongruent” arms) are reversed across C1/C2; the
other two terminal states (“congruent” arms) have consistent
state-action mappings across C1/C2. A test phase response to
an incongruent arm is either the correct response, a slip error
(correct for other context), or a random error (any other er-
ror). (B) Example stimuli and actions during training phase.
(C) Example stimuli and actions during the test phase. For
stage 3, feedback (number of correct responses) is shown at
the end of the 3s response period only for practice trials.

Task Design

Participants learned through trial and error to select correct
actions from six available keypresses (A1-A6) in response
to six stimuli (S1-S6) in two contexts (Fig. 1). Training
phase: In Context 1 (Cl1, training phase), indicated by an
orange avatar, participants learned correct keypresses for six
locations on a cross-shaped maze. Each trial proceeded in
three stages: 1) Starting outside the maze, the correct key-
press moves the avatar to the maze center, 2) At the center,
the correct keypress moves the avatar to a random maze arm,

and 3) At the maze arm, the correct keypress earns a reward.
Reversal phase: After either 200 (moderately-trained) or 600
(overtrained group) Cl1 trials, participants were introduced to
C2, indicated by a blue avatar, wherein the stimulus—action
associations for two maze arms (incongruent arms) were re-
versed with respect to C1. Test phase: After reaching a
performance criterion (min 40, max 100 trials) in C2, par-
ticipants experienced 48 C1 and 48 C2 trials, randomly in-
terleaved. Participants were given 3s to freely press keys to
collect multiple points in stage 3 of test phase trials, without
feedback.

Throughout the task, the avatar appeared in black during
stages 2 and 3, so context information was only available in
stage 1 of each trial, forcing participants to hold the current
context in mind while executing stages 2 and 3 during the
test phase. The frequent switching between extensively- and
minimally-practiced contexts during the test phase required
participants to engage GD control to respond appropriately
for the current context, allowing us to test their ability to re-
spond flexibly (or conversely, how habitually they behaved).
Meanwhile, the hierarchical multi-step trial structure (where
stage 3 responses depend on context information from stage
1) and the allowance for multiple response attempts were de-
signed to encourage participants to naturally release GD con-
trol during trials, enabling us to observe habitual impulses
in their stage 3 responses. In what follows, we provide evi-
dence from behavioral analyses and computational modeling
that our task design is able to induce habit-like inflexible be-
havior as a function of training duration.

Participants

The task was administered online to undergraduate students
from the University of California, Berkeley, recruited through
the UC Berkeley Research Participation Program (RPP) par-
ticipant pool. Students received course credit for their par-
ticipation. 160 participants (118 female, 40 male, 2 other;
age: mean=21.1, sd=3.40, min=18, max=43) completed the
task. Of these, 17 participants were excluded based on self-
reported exclusion criteria — namely, indicating in their post-
task survey that they used external aids (e.g. post-it notes on
the computer screen) to perform better on the task, or that
they believed their data should be excluded from analysis —
leaving 143 participants.

We applied the following exclusion criteria to identify
careless or inattentive participants: 1) more than five missed
trials during either the training (C1) or reversal (C2) phase
(indicating low engagement in learning the associations), 2)
failure to meet the C2 training criterion (correct first response
in four out of five most recent exposures to each maze loca-
tion) within 100 trials (indicating failure to learn C2, mak-
ing C2 test phase errors uninterpretable), 3) fewer than two
responses on more than 25% of trials in any context and
congruent/incongruent arm type despite instructions to col-
lect as many points as possible during the test phase (indicat-
ing a failure to understand the multi-response design of test
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phase trials), and 4) evidence of satisficing strategies in the
test phase (indicating failure to engage with the task in good
faith, and undermining interpretability). Satisficing behaviors
included random spamming (more than 1 unique key press in
the last five responses on at least half of trials in both congru-
ent and incongruent arms), strategic spamming (more than 1
unique key press in the last five responses on at least half of
trials in incongruent arms, but not in congruent arms; typi-
cally such participants alternated between the two reversed
keys), and making reliable errors (all trials ending on an in-
correct response for any context and maze arm). In partici-
pants who passed all other exclusion criteria, these satisficing
behaviors point to a failure to apply knowledge acquired in
the training and reversal phases during the test phase.

70 participants were excluded based on these exclusion cri-
teria (54.9% excluded from 200-trial group, 41% excluded
from 600-trial group, 49% excluded overall), leaving 37 and
36 participants in the 200-trial and 600-trial groups, respec-
tively. All included participants completed the task in under 1
hour (median 13m, range 10-23m in 200-trial group; median
32m, range 25-45m in 600-trial group).

Behavior
Defining a behavioral index of habit strength

We classified responses following the approach in Hardwick
et al. (2019), designating an erroneous response as a “‘slip
error” when it matched the correct response for the alternate
context, and as a “random error” otherwise (Fig. 1A,C). Since
C1 was practiced more extensively than C2, we should expect
a higher rate of Cl-consistent slip errors in C2, and a lower
rate of C2-consistent slip errors in C1. We define a behavioral
Habit Index (HI) quantifying this asymmetry:

HI = (P, —Pana/2) — (PG —Prna/2) (D
where Pyjip (slip error rates) are baseline-corrected by Prang /2
(the estimated rate of random errors per maze arm, since 2
maze arms contribute to Pr.anq), yielding action slip rate esti-
mates. This baseline correction was aimed at subtracting out
slip errors that are not true slips of action toward the other
context, but may instead be random responses driven by con-
founding factors that vary with overtraining, such as fatigue.
HI thus controls for overall attention or engagement differ-
ences between contexts.

If, as proposed by Hardwick et al. (2019), habitual pro-
cesses rapidly prepare well-practiced responses that are sub-
sequently overridden by goal-directed control, we would ex-
pect HI to be positive at early RTs and decrease toward zero
at later RTs. We further expected that: 1) habit strength in-
creases with training, so early-RT HI values should be higher
in overtrained compared to moderately-trained participants;
2) participants in both groups successfully learn C2 contin-
gencies and can deploy comparable levels of goal-directed
control, so HI should eventually converge to similar values
across groups at later RTs. Thus, we hypothesized that HI

would be larger in overtrained relative to moderately-trained
participants at early, but not at later RTs.

We conducted a bootstrapping analysis to ensure that any
effect of overtraining on HI or its components was not ob-
served merely by chance. For each of 10,000 iterations, we
generated a bootstrap sample by drawing N = 35 participants
with replacement from each group (200- and 600-trial); we
then resampled each sampled participant’s trials with replace-
ment within each context (C1, C2). To generate a null distri-
bution, we swapped the group labels for a random half of par-
ticipants from each group. For each null distribution sample,
we computed for each participant the average (across trials)
proportion of slip errors falling in each combination of time
bin and context, yielding P(slip), and similarly to compute
P(rand); these average proportions were used to compute
P(slip) — P(rand) /2 values for each participant. The contrast
C2 — C1 was computed for each of the three measures. Sta-
tistical significance of overtraining effects was evaluated by
comparing the empirical group difference (600- minus 200-
trial) in a measure of interest computed from the full dataset
with those computed from the null distribution samples, cal-
culating the proportion of null distribution samples that ex-
ceeded the empirical difference.

Overtraining increases the Habit Index

Overtrained participants exhibited higher HI relative to
moderately-trained participants, especially earlier in the 3s
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Figure 2: Computation of the Habit Index. Lines and rib-
bons (A-C) indicate mean + s.e.m. across participants. (A)
Proportion of responses that are slip errors (solid) and ran-
dom errors (dashed) by group (200-trial, green; and 600-trial,
pink), context (C1, left; and C2, right), and RT (0.5s bins
spanning 0-3s). (B) Action slip rate by group, context, and
RT. (C) The strength of the tendency to have a higher action
slip rate in C2 vs. C1 (i.e. Habit Index, HI), by group and RT.
(D) Distribution of HI in bootstrapped samples for early (0.5-
1s) and late (2.5-3s) RT bins; p-values computed by compar-
ing empirical group difference in HI to a null distribution of
group differences in HI with shuffled group labels.
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context RTbin(s) emp. %>0 pusisemp.
C2 (0.5,1] 0.057 76.0 154
-Cl1 (0.5,1] 0.128 99.3 .006

C2-C1 0.5,1] 0.170 98.1 .009

C2-Cl1 (2.5,3] 0.016 75.6 275

Table 1: Summary of bootstrap analyses testing for an over-
training effect on action slip rate (P(slip) — P(rand)/2) in
various contexts (or contrasts thereof) and RT bins. Col-
umn %>0: proportion of bootstrap samples (without shuffled
group labels) greater than 0. Column p,,/;>emp.: significance
of the empirical group difference with respect to a null dis-
tribution with shuffled group labels. Predicted effect high-
lighted in bold.

response period (Fig. 2C). The reliability of the effect of over-
training on HI at early RTs was confirmed by bootstrapping
(Fig. 2D, Table 1). The effect was driven by overtrained par-
ticipants exhibiting both a higher (although not significantly
higher) baseline-corrected slip error rate in C2, and a signif-
icantly lower baseline-corrected slip error rate in C1, relative
to moderately-trained participants (Fig. 2B, Table 1).

These behavioral results indicate that our task successfully
induced habit-like behavior that varied with training duration.
To better understand the computational mechanisms underly-
ing these effects, we developed formal models of participants’
response generation process.

Computational Modeling

We developed separate computational models to capture
participants’ choices during learning (training and reversal
phases) and after learning (test phase). The models were
refined through an iterative model comparison and valida-
tion process (Wilson & Collins, 2019): first, for each partici-
pant, parameter values that optimized the model’s prediction
of their choices were obtained by maximum likelihood es-
timation in MATLAB; the best-fitting parameters were used
to simulate data from the model; behavioral patterns in the
real and simulated data were compared in order to identify
additional features that might improve the model’s ability to
capture participants’ behavior; finally, model versions were
compared for their quantitative (according to the Akaike In-
formation Criterion, AIC, which penalizes models for com-
plexity) and qualitative (based on visualizations of simulated
data) fit to actual data.

Training / reversal phase model

Participants’ acquisition of stimulus—action associations in
C1 and C2 were modeled using a reinforcement learning (RL)
model that gradually learns the expected values of each of the
keypress actions for each maze location, updating its value
estimates based on the difference between predicted and re-
ceived outcomes. The base model represents the expected
values of the 6 key-press actions available in each of the ter-

minal 4 maze locations as a 4-by-6 “Q-table”. Separate Q-
tables are learned for contexts C1 and C2. At each stage 3
decision, indexed by ¢, the learning agent selects an action,
a;, by converting the 6 action values stored for the current
maze location, s;, in the Q-table for the current context, C;,
into action probabilities via a softmax function with an in-
verse choice temperature parameter 3 controlling how sensi-
tive the agent is to relative expected values when choosing an
action (i.e. how deterministic its choices are):

P(a|sl’CI) o< EXP(B X QC{ [sfaa]) (2)

The agent observes the outcome of the selected action (re-
ward R; = 1 if correct action, 0 otherwise), and then updates
its estimated value of taking the selected action from the cur-
rent state, stored in the current context’s Q-table, toward the
observed outcome. The magnitude of this update is the re-
ward prediction error (the difference between outcome R; and
the expected value of the selected action a; according to the
Q-table), scaled by a learning rate parameter o controlling
how strongly new observations influence the agent’s expected
value estimates:

QC; [Slaal} — QCf [Sl;al} + o X (Rl - QC; [st7al]) (3)

Through model comparison and model validation (Wilson
& Collins, 2019), we discovered three additional features that
improved the base model’s quantitative (as assessed by AIC)
and qualitative fit to participants’ training phase choices: 1) a
weight to initialize Q¢ to a mixture of Q¢ and a uniform Q-
table, reflecting participants’ assumption that the new context
is similar to the old one, 2) separate learning rates 0,c; and
o> for C1 and C2, and 3) a multiplier applied to the learning
rate to obtain a counterfactual learning rate (used to update
values of unchosen actions for the current state, and values of
the selected action for other states, away from the observed
outcome R;).

When generating data from the training phase model us-
ing the likelihood-maximizing parameters for each partici-
pant, the model was able to capture the learning curves and
error patterns over learning well, especially later in learning
for both C1 and C2 (Fig. 3A,B). This was an important pre-
requisite for fitting the test phase model, which assumes that
the Q-tables learned for C1 and C2 by the end of the training
and reversal phases guide responding during the test phase.

Test phase model

We modeled participants’ test phase choices as being gener-
ated from a weighted mixture of the Q-tables learned (by the
training/reversal phase model) for each context:

Qmix(Ct,RT) = W(C[,RT) X ch —+

(1=w(Ci,RT)) X Qc2 )
At response times RT corresponding to participants’ actual

response times, the agent samples an action a; gy by convert-
ing the values in the mixed Q-table for the current state s;
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Figure 3: Computational model validation. Solid lines
and ribbons indicate mean + s.e.m. (A) Learning curves:
probability of correct first response over training and reversal
phases (peach: participants; turquoise: model simulations).
(B) Response proportions (correct, slip errors, and random
errors) during reversal phase. (C) Test phase response pro-
portions by RT bin. (D) Slip and random error rates by con-
text, RT, group (200-trial: green; 600-trial: pink; solid: data;
dashed: model). (E) HI computed from components in (D).

into 6 action probabilities, via a softmax with inverse choice
temperature parameter f.;;. w(C;,RT) captures the degree
of reliance on the Q-table learned for the current vs. the
other context, as a function of current context C; and time
RT in the 3s response period. We compared multiple ver-
sions of w(C;,RT), including linear, exponential, and step-
wise functions, based on their quantitative fit (as assessed by
AIC) and ability to produce qualitative patterns observed in
the data (Fig. 3C-E). Ultimately, the best-fitting model used
two exponential curves with unique initial (wy1,wp2) and fi-
nal (wp1,wp2) values for each context, and a rate constant (%,
shared between contexts) governing the rate of exponential
saturation from wy to wr. We further found that the model’s
tendency to overestimate random error probabilities at later
RTs was alleviated by allowing Py.s to change linearly from
RT =0to RT =3.

When generating data from the winning test phase model,
the model was able to accurately reproduce the average par-
ticipant’s probability of making correct responses, slip errors

and random errors across the 3s response window (Fig. 3C).
While the effect of overtraining on the Habit Index generated
by the model was weaker than that observed in the behav-
ioral data, the expected qualitative pattern (larger HI in the
overtrained group relative to the moderately-trained group at
early RT, but not at late RTs) was clearly present (Fig. 3E).

A two-way mixed ANOVA testing the effect of group
(between-participant) and early/late RT (within-participant)
on the contrast between the weights on the incorrect Q-table
when in C2 versus C1 revealed a significant main effect of
RT, reflecting a tendency for participants in both groups to
make slips of action toward C1 and away from C2 early in
the response period, but not later; there was also an interac-
tion between group and RT, driven by moderately-trained, but
not overtrained, participants decreasing their bias toward C1
over the 3s response period (Fig. 4A).

Discussion

A central challenge in habit research is demonstrating that
behavioral inflexibility truly reflects habit formation. While
inflexibility is commonly observed in laboratory studies with
humans, researchers have struggled to show that it reli-
ably increases with extended practice (de Wit, Ridderinkhof,
Fletcher, & Dickinson, 2013; de Wit et al., 2018; De Houwer,
Tanaka, Moors, & Tibboel, 2018; Pool et al., 2022; Gera et
al., 2023). Without this evidence, it remains unclear whether
inflexibility stems from gradually-formed habits or simply re-
flects other factors, such as weak goal-directed control.

The present work addresses this challenge through a novel
experimental paradigm that demonstrates increased behav-
ioral inflexibility as a function of training duration. To quan-
tify habit strength, we developed a Habit Index (HI) that cap-
tures two complementary aspects of habitual behavior: the
tendency to inappropriately express an extensively-practiced
response (i.e. inflexibility), and the enhanced ability to ex-
ecute that response when it is appropriate (i.e. fluency).
Using this measure, we found that overtrained participants
showed higher HI values at early response times compared to
moderately-trained participants, indicating stronger habit for-
mation with extended practice. Crucially, this effect dimin-
ished at later response times, when participants could engage
goal-directed control to override habitual responses. This
temporal pattern — stronger habits at early RTs but successful
override at later RTs — suggests that our results reflect gen-
uine habit strengthening rather than a general degradation of
goal-directed control in overtrained participants.

Our computational modeling approach provided additional
insights into these behavioral findings. We developed a model
that frames test phase behavior as arising from a weighted
mixture of Q-tables learned during initial training. This
model suggests that behavioral inflexibility emerges from
the competition between these learned policies, with the
extensively-practiced policy exerting stronger influence early
in the response period. While the model successfully repro-
duced the qualitative pattern of higher HI in overtrained par-
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Figure 4: Model parameters. (A) Mixed ANOVA testing
the effect of group (between-) and early/late RT (within-
participant) on C2 minus C1 contrast of 1 —w (weight on
incorrect Q-table), and significant post-hoc t-tests. (B) His-
togram of test phase stage 3 response RTs. (C) Histogram of
participants’ average first stage 3 response RTs, by group and
context; vertical dashed lines indicate average values.

ticipants at early RTs, the magnitude of this effect was smaller
than observed in the behavioral data. This quantitative dis-
crepancy likely stems from a methodological limitation: pa-
rameter estimates were disproportionately influenced by later
responses, which were far more numerous in our dataset (Fig.
4B). Nevertheless, the model’s ability to capture the key be-
havioral pattern suggests that slips of action may arise from
an initial selection of the context-appropriate policy at stage
1, followed by interference from the more extensively prac-
ticed C1 policy during execution — at least until goal-directed
control can implement the correct response.

Interestingly, our modeling revealed that overtrained par-
ticipants did not show a larger initial bias toward C1 com-
pared to moderately-trained participants (Fig. 4A). Instead,
the group differences appear to be driven by response tim-
ing: overtrained participants responded more quickly in both
contexts, significantly so in C1 (Fig. 4C; F(1,69) = 5.74,
p = .019, n%; = 0.077 in Cl1; F(1,69) = 1.41, p = .239,
T]é = 0.020 in C2). This pattern aligns with theoretical ac-
counts like that of Hardwick et al. (2019), who proposed that
practice accelerates habitual response preparation while leav-
ing the speed of goal-directed control unchanged. While they
revealed habitual control by explicitly constraining response
times, our task achieved a similar effect through participants’
self-initiated response patterns.

Our study has several limitations that suggest directions for
future work. While our test phase model successfully repro-
duces group differences through a combination of individual
model parameters and yoking simulated responses to partic-
ipants’ actual RTs, it does not explain the process by which
overtraining comes to alter subsequent test phase responding.
Developing more explanatory models presents challenges:

many existing computational frameworks for habits are un-
suitable for our task structure — the model-based/model-
free RL framework (Daw, Gershman, Seymour, Dayan, &
Dolan, 2011) requires predictable state transitions for model-
based planning to be viable, while free-operant models (Perez
& Dickinson, 2020) assume continuous rather than trial-
based responses. One potential direction would be to extend
our computational model to jointly capture choices and re-
sponse times, drawing inspiration from the response prepara-
tion framework proposed by Hardwick et al. (2019), where
practice speeds up habitual response preparation while goal-
directed response preparation remains fixed. Such a model
could potentially account for both the increase in the Habit
Index at early RTs and the speeding of responses with over-
training. Another promising direction is to explore value-free
learning models (Miller, Shenhav, & Ludvig, 2019; Collins,
2024), which propose that habits can form through direct re-
inforcement of actions by repetition and contextual cues, in-
dependent of outcome values.

Another limitation of the present work is the high exclu-
sion rate: close to half of participants were excluded from
analysis, and around half of these were excluded for satisfic-
ing behaviors indicating that failed to apply their knowledge
of the C1/C2 associations during the test phase. In a follow-
up experiment (Exp 1b in Oh & Collins, 2025) we modified
the task by adding a small cost to responding incorrectly in
order to encourage participants to engage properly with the
task during the test phase. This brought the proportion of par-
ticipants excluded for satisficing down from 27% to 3%, but
weakened our ability to detect the overtraining effect, high-
lighting a tension between maintaining task engagement and
encouraging the release of control. Future work could explore
task designs that optimize this tradeoff.

Although these challenges point to important directions for
future research, our work has made substantial progress on
the central challenge we set out to address: demonstrating
and explaining training-dependent behavioral inflexibility in
humans. We achieve this by eliciting flexible goal-directed
control across trials, through frequent context switching, and
facilitating a natural release of control within trials, through
a hierarchical multi-step trial structure and unlimited re-
sponse opportunities. Moreover, our computational frame-
work, which successfully captures the temporal dynamics of
habitual responding through a weighted mixture of learned
policies, provides a novel account of how habits emerge from
the interaction between training history and response tim-
ing. By providing both a reliable method for inducing and
measuring training-dependent behavioral inflexibility in hu-
mans and a computational framework for understanding it,
our paradigm creates new opportunities for investigating the
neural and computational bases of habits in both healthy and
clinical populations. Understanding these mechanisms could
ultimately inform interventions for conditions where habitual
control becomes dysregulated, from addiction to obsessive-
compulsive disorder.
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