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Abstract

Reinforcement learning (RL) models have been highly success-
ful in describing human behavior. However, in most experi-
ments, reward history is highly correlated with choice history.
Consequently, behavior could be partially driven by a value-
free habitual learning (HL) mechanism but be misinterpreted as
RL. Do people select actions they have chosen frequently in the
past (HL), or actions that have been rewarding in the past (RL)?
To disentangle the influence of value-based RL and value-free
HL, we designed two experiments that unconfound reward and
choice histories. Behavioral and modeling results suggest that
both value-based and value-free mechanisms contribute to test
phase choice. Their relative contributions differ in the two ex-
periments, suggesting that different environments may recruit
the two processes to different degrees. Our results highlight the
existence of partially redundant processes that are often difficult
to disambiguate, and call for careful consideration of underlying
processes when interpreting experimental results.

Keywords: reinforcement learning, habits, value-free learning

Introduction
Human learning exhibits signatures of both outcome-
dependence and -independence. Outcome-dependent, or
value-based, behavior occurs when an action is chosen be-
cause it has been rewarded in the past, a mechanism explicitly
defined in model-free reinforcement learning (RL; Sutton and
Barto, 2018); for example, selecting a restaurant because of its
past high quality. Outcome-independent, or value-free behav-
ior, on the other hand, is manifested if an action is chosen sim-
ply because it has been chosen in the past, which is typically
associated with habitual learning (HL; Watson et al., 2022;
Wood and Rünger, 2016); for example, selecting a restaurant
because it is the usual one. These two modes of decision
making are fundamentally distinct, resulting in different be-
haviors and implications (Dezfouli and Balleine, 2012; Miller
et al., 2019; Wood et al., 2022). Understanding which mode
drives behavior is therefore crucial for making further predic-
tions about the generality of learned associations or the way
humans react to erroneous or devalued actions. Under most
typical experimental designs, however, the choice history of
actions, supporting HL, closely aligns with the reward history,
supporting RL, because participants choose more rewarding
outcomes more often. As a result, it is challenging to disen-
tangle whether an action was chosen based on value-based or
value-free information.

Despite the success of RL in explaining human and animal

behavior, recent work has shown that many empirical findings
could also be partially explained by a value-free HL mecha-
nism. In context-dependent preference learning, for example,
humans may choose lower-value actions during transfer when
those actions were paired with worse alternatives during train-
ing. While this phenomenon can be explained with RL assum-
ing subjective evaluation of rewards (e.g., Bavard et al., 2021;
Molinaro and Collins, 2023), a simple habit-like repetition
bias can also account for it (Wagner et al., 2025). A similar
repetition bias, irrespective of value, has also been found in a
sequential decision-making task (Legler et al., 2025). Neuro-
scientific evidence further suggests that dopamine could signal
not only reward prediction errors (as needed for model-free
RL), but also action prediction errors, the teaching signal sup-
porting value-free habit formation (Greenstreet et al., 2025).

Moreover, a recent proposal suggests that model-free RL-
like behavior can be produced by combining HL with a
working memory (WM) mechanism (Collins, 2025; see also
Collins, 2018; Collins and Frank, 2012). WM is value-
sensitive, but differs from model-free RL in two crucial ways:
it learns associations almost immediately and can only re-
tain a small set of associations for a short time. Thus, while
WM can support adaptive behavior in the short run, HL can
consolidate this adaptive behavior in the long run, yielding
learning curves that are at first glance indistinguishable from
RL. However, detailed error analysis showed that participants
tended to repeat errors if WM was overloaded, a hallmark of
HL, not RL. Correspondingly, a model combining HL and
WM could explain error patterns better than models including
model-free RL and/or WM1. This demonstrates that behavior
can easily be misinterpreted as RL even if it was generated by
a fundamentally different algorithm (Gu et al., 2025).

To directly investigate the separate contributions of HL and
RL, we present two experiments (𝑛total = 100) that disentangle
reward and choice histories while controlling for WM and
subjective valuation. We achieved this by manipulating how
often actions with different expected values were executed
during training and measuring action preferences in a separate
test phase. This allowed us to distinguish value-based and
value-free learning components (accounting for WM): If only
RL supports learning, then actions with higher expected value
should be chosen during testing irrespective of how often they

1Note that HL differs from a choice perseveration kernel in RL
models (e.g., Toyama et al., 2023) as it is stimulus-dependent and, in
conjunction with other processes, an integral factor of learning.
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have been executed. Conversely, if only HL supports learning,
then actions that have been executed more often should be
chosen irrespective of their expected value.

We predicted that both RL and HL are involved in learning,
resulting in the following preregistered hypotheses2:
1. RL — If the number of executions is equated during train-

ing, the probability of choosing the highest-value action is
greater than that of the second-highest-value action. Fur-
thermore, the probability of choosing the second-highest-
value action increases the higher its value is.

2. HL — If the second-highest-value action is executed more
often than the highest-value action during training, the prob-
ability of choosing the second-highest-value action during
testing should either be higher than that of the highest-value
action (strong HL) or be higher compared to the condition
with equal executions (moderate HL).

3. The same effects should appear during training, when
choosing between the highest-value and second-highest-
value action.
We used computational models, including RL, HL, and their

mixture to assess each component’s contribution to behavior.

Methods
Experiment 1
Participants We preregistered a stopping rule of 50 partici-
pants after exclusions (41 female, 7 male, age 21.3 ± 3.7). All
participants provided informed consent in accordance with the
guidelines approved by the Ethics Committee at the Univer-
sity of California, Berkeley. The experiment terminated early
if participants did not pass attention checks. We excluded
15 more participants because they did not meet the prereg-
istered learning performance criterion of 70%. Participants
were recruited through the research participation program for
undergraduate students at the University of California, Berke-
ley and received course credit for their participation. We only
allowed participants to take part if they were between the ages
of 18 and 40, spoke English fluently, had no significant his-
tory of brain injury, mental/psychiatric illness like Parkinson’s
Disease, OCD, Schizophrenia, Depression, or ADD/ADHD,
and no history of alcohol or drug abuse.

Task and Procedure Participants completed a computer-
ized multi-armed bandit task consisting of at least 600 training
trials, divided into eight blocks (two images per block; 16 im-
ages total; see top panel of Fig. 1). On each trial, participants
saw an image and selected an action by pressing one of four
keys. After each choice, participants received feedback of
either “+1” or “0”. The probabilities of receiving “+1” were
[93%, 73%, 27%, 7%] for the best (A1), second-best (A2),
third-best (A3), and worst action (A4). The action-key map-
ping for every block was chosen such that each combination
occurred equally often throughout the experiment (Fig. 1B).

2Experiment 1: OSF preregistration. ; Experiment 2: OSF
preregistration.

Each block was further divided into two sub-blocks, in each
of which only two of the four actions were available. These
were either the best and third-best actions (A1 and A3) or the
second-best and worst actions (A2 and A4). This division
ensured that the best and second-best actions were the better
option in each sub-block with an equal difference in reward
probability to the worse option. Participants transitioned from
one sub-block to the next once they had reached a specified
number of executions of either the best or second-best action
(A1 and A2) for the two images shown in the block. In
four of the eight blocks (showing eight of 16 images), A1
and A2 had to be selected 15 times each. In the remaining
blocks (and images), A2 had to be selected 30 times and
A1 15 times (Fig. 1B). Therefore, for half of the images,
the second-best action was selected 15 times during training
(A2=A1); for the other half of the images, it was selected 30
times (A2>A1). We did not control how often participants
selected A3 and A4. However, the learning criterion of 70%
ensured that these actions were on average selected less than 15
times. Additionally, the better and worse actions were always
opposed between the two images in a sub-block. Participants
were informed of this at the beginning of the experiment and
instructed to collect as many rewards as possible.

After the training phase and a break of at least two minutes,
participants completed a separate test phase. All 16 images
were presented in random order with all four actions avail-
able and without feedback, to prevent further learning and
WM use. The random sequence was repeated four times, en-
suring maximal separation between the presentation of each
image. Participants were not explicitly instructed to maximize
rewards but to respond “as well as possible”.

Design Experiment 1 used a within-subject design with two
factorial independent variables: each action’s reward prob-
ability (four levels) and the number of executions (two lev-
els, A1=A2 or A2>A1, with eight of 16 images per level).
Aggregating over images, we measured each action’s choice
frequency in the test phase. The assignment of four blocks
to each condition, the blocks’ order, and the assignment of
images to blocks was randomized for each participant.

Experiment 2
Participants We had the same preregistered stopping rule of
50 participants after exclusions (22 female, 28 male, age 32.2
± 4.9). All participants provided informed consent in accor-
dance with the guidelines approved by the Ethics Committee
at the University of California, Berkeley. The experiment
terminated early if participants did not pass attention checks.
We excluded 23 more participants because they did not meet
the preregistered learning performance criterion of 60%. Par-
ticipants were recruited through Prolific and received $12 as
compensation. We used the same screening criteria as in
Experiment 1.

Task and Procedure Experiment 2 was similar to Exper-
iment 1, but presented three images in each of eight blocks
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A CBlock 1: first half Block 1: second half Block 8: second half Test phase

Block 1 Block 8 Test phase

B Learning Curves

Figure 1: Experimental Design and Learning Curves. (A) Design schematic. Grayed-out keys denote unavailable actions (per
block in Experiment 1 or trial in Experiment 2). Shape and color stimuli are placeholders for images used in the experiments.
(B) Example action-key mappings; experimental condition manipulation of number of A2 executions. (C) Learning curves for
the two experiments and conditions.

(24 images total) and used only three actions (Fig. 1, lower
panel). Instead of manipulating reward probabilities per ac-
tion, we used different reward magnitudes. The best action
(A1) had an average magnitude of 11, the second-best action
(A2) had an average magnitude of either 3, 5, 7, or 9, and the
worst action (A3) had an average magnitude of 1. The exact
reward was drawn on each trial from a normal distribution
with a standard deviation of 0.3, such that the reward values
virtually never overlapped between actions. The reward was
always shown for all three actions, independently of whether
they had been chosen or were available in the current trial.

At each trial, two of the three actions were available, indi-
cated 500 ms before the stimulus was shown. Experiment 2
did not use separate sub-blocks as in Experiment 1, but the
available actions changed at every trial (either A1-A3, A2-A3,
or A1-A2). In the first condition (A2=A1, four of eight blocks;
12 of 24 images), A1 and A2 had to be chosen 10 times each to
transition to the next block. In the second condition (A2>A1,
remaining blocks and images), A2 had to be chosen 20 times
and A1 10 times. This was achieved by presenting more tri-
als in which only actions A2 and A3 were available. If A3
was chosen, this exact trial (with the same available actions)
was repeated at a random time in the remaining trials. The
order of available actions was pseudo-randomized such that
the sets of available actions were distributed approximately
evenly across each block.

The test phase was the same as in Experiment 1.

Design The experiment used a within-subject design with
three factorial independent variables: each action’s reward
magnitude (three levels), the reward magnitudes for action A2
(four levels, with 6 of 24 images per level), and the number
of executions of actions A1 and A2 (two levels, A1=A2 or
A2>A1, with 12 of 24 images per level). Just as for Exper-
iment 1, we measured the frequency with which each action
was chosen in the test phase. Randomization was equivalent
to Experiment 1.

Computational Modeling
The model implementation is based on Collins (2025). We did
not implement the WM component, because we analyzed the
test phase, where WM can be assumed to have little influence
on the decision due to weight decay and high load.

RL Model Model-free RL was implemented as a standard
delta-rule agent, tracking Q-values for each state-action pair
with the update rule

𝑄𝑡+1 (𝑠𝑡 , 𝑎𝑡 ) = 𝑄𝑡 (𝑠𝑡 , 𝑎𝑡 ) + 𝛼RL [𝑟𝑡 −𝑄𝑡 (𝑠𝑡 , 𝑎𝑡 )] . (1)
Q-values were initialized at 𝑄0 = 1/𝑛𝐴, where 𝑛𝐴 is the num-
ber of available actions in each training (sub-)block (two and
three in Experiment 1 and 2, respectively). In Experiment 2,
rewards were normalized by dividing by the maximal possi-
ble reward (12). The learning rate 𝛼RL ∈ [0, 0.2] was a free
parameter. We limited this range because of ceiling effects in
high values (see Model Fitting and Checks).

The RL policy was computed by transforming Q-values
through a standard softmax

𝜋RL (𝑎 |𝑠) =
exp 𝛽𝑄(𝑠, 𝑎)∑
𝑖 exp 𝛽𝑄(𝑠, 𝑎𝑖)

. (2)

We fixed 𝛽 = 25 and added a noise component controlled
through the free parameter 𝜖 ∈ [0, 1]; this is a typical choice
in this framework to improve identifiability (Collins, 2025;
Senta et al., 2025), making the final policy

𝜋(𝑎 |𝑠) = (1 − 𝜖)𝜋RL (𝑎 |𝑠) + 𝜖
1
𝑛𝐴

. (3)

HL Model HL was implemented with a slightly modified
learning rule that did not include the reward 𝑟𝑡 but simply
tracked whether a state-action pair occurred

𝐻𝑡+1 (𝑠𝑡 , 𝑎𝑡 ) = 𝐻𝑡 (𝑠𝑡 , 𝑎𝑡 ) + 𝛼HL [1 − 𝐻𝑡 (𝑠𝑡 , 𝑎𝑡 )] . (4)
H-values were initialized in the same way as Q-values. The
learning rate 𝛼HL ∈ [0, 0.2] was free with the same range as
for the RL component. The HL policy 𝜋HL was computed in
the same manner as the RL policy with 𝛽 = 25 and 𝜖 ∈ [0, 1].
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Figure 2: Confirmatory Results. The results support our preregistered hypotheses. A2=A1: Both actions were executed
equally often during training; A2>A1: Action A2 was executed twice as often as action A1 during training. All results are
from the test phase, except in panel F, where learning phase A1-A2 trials were used. Black dotted line indicates chance level. *
indicates 𝑝 < .05. Dots and error bars indicate means and SEMs.

RL+HL Model The RL+HL model used a weighted average
of the RL and HL policies

𝜋mixture (𝑎 |𝑠) = 𝜔𝜋RL (𝑎 |𝑠) + (1 − 𝜔)𝜋HL (𝑎 |𝑠). (5)

Parameter 𝜔 ∈ [0, 1] weighted the relative strength of value-
based and value-free influences on participants’ decisions.

Range Adaptation (RL-RA) Variant To explicitly test if
our results could also be explained with range adaptation
(Bavard et al., 2021), we implemented a variant of the RL
model in which rewards are normalized based on the range of
rewards in the current decision context

𝑟range =
𝑟 − 𝑟min,t (𝑐)

𝑟max,t (𝑐) − 𝑟min,t (𝑐)
, (6)

where 𝑟min,t (𝑐) is the minimal reward in decision context 𝑐
encountered up to the current trial 𝑡 and 𝑟max,t (𝑐) is the corre-
sponding maximal reward. At 𝑡 = 0, both reward bounds were
initialized at zero and updated at every trial. The adapted re-
ward was only computed once 𝑟max,t (𝑐) ≠ 0 to avoid division
by zero.

Model Fitting and Checks We fit parameters to each par-
ticipant’s test phase data individually, conditioned on model
values derived through their own choice and reward history in
the learning phase (two parameters for RL, RL-RA, and HL,
and four parameters for the RL+HL model) using maximum
likelihood estimation with SciPy (Virtanen et al., 2020). We
did not fit to the training phase because the current design did
not enable us to identify the influence of WM during training.

Parameter recoverability analyses (Wilson & Collins, 2019)
suggested that the weighting parameter 𝜔 and the noise pa-
rameter 𝜖 were adequately identifiable (Spearman’s 𝜌(𝜔) =

(.57, .73) and 𝜌(𝜖) = (.79, .78), for the first and second exper-
iments, respectively). Because we did not fit to the learning
phase, the learning rate parameters were poorly identifiable
(Spearman’s 𝜌(𝛼RL) = (.44, .01) and 𝜌(𝛼HL) = (.01, .03)).
We therefore do not report the fitted values of these two param-
eters and do not draw any conclusions based on them (Wilson
& Collins, 2019).

Model recoverability analyses demonstrated that the
RL/RL-RA, HL, and the RL+HL models were highly iden-
tifiable based on AIC (probability of correct recovery was at
least 97% in both experiments). The RL-RA could not be dis-
tinguished well from the standard RL model (probability of
correct recovery 44-56%) because the experiment was specif-
ically designed to differentiate range adaptation from HL not
RL. Identifiability based on BIC was worse for the RL+HL
model. For posterior predictive checks, we simulated model
behavior in the test phase, conditioned on the model variables
learned through each participant’s experienced image-action(-
reward) combinations in the learning phase.

Results
Confirmatory Results
We verified that participants learned as expected in both ex-
periments’ learning phases (Fig. 1C). Participants’ choices in
the test phase (Fig. 2A and D) confirmed that they retained
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Figure 3: Model predictions. Behavioral data (lines; A-D: Experiment 1, E-H: Experiment 2) and model predictions (black
circles; fill color indicates condition). A2=A1: Both actions were executed equally often during training; A2>A1: Action A2
was executed twice as often as action A1 during training. Only the RL+HL model captured the behavioral effects.

learning phase information. As preregistered, we computed
the difference in choice probabilities between the best and
second-best actions (A1 and A2) for each condition (Fig. 2B
and E). Here, values above zero mean that action A1 was cho-
sen more often than A2. In Experiment 1, participants did
not choose A1 over A2 if they were executed equally often,
𝑡 (49) = 0.55, 𝑝 = .587, but they chose A2 over A1 if A2 was
executed more often than A1, 𝑡 (49) = −2.48, 𝑝 = .017, 𝑑 =

−0.35 (Fig. 2B). Correspondingly, the tendency to choose
A2 over A1 increased from the equal to the unequal condi-
tion, 𝑡 (49) = −2.14, 𝑝 = .038, 𝑑 = −0.30. This suggests
that participants’ choices were influenced primarily by their
choice history, not their reward history, and provides evidence
in favor of a strong HL hypothesis, as the influence of choice
seems to have overruled any potential influence of reward.

In Experiment 2, participants chose A1 over A2 if both
actions were selected equally often, 𝑡 (49) = 10.88, 𝑝 <

.001, 𝑑 = 1.54, and still did so if A2 was selected twice
as often as A1, 𝑡 (49) = 5.06, 𝑝 < .001, 𝑑 = 0.72 (Fig. 2E).
However, the difference in choice probabilities increased in
favor of action A2 if this action was selected more often,
𝑊 = 377.5, 𝑝 = .012, 𝑟 = .34. As preregistered, we de-
ployed a Wilcoxon signed-rank test as the difference scores
could not be assumed to be approximately normal. The
same effects were present during the training phase, consid-
ering only trials in which A1 and A2 were directly com-
pared (Fig. 2F). A1 was chosen over A2 in both condi-
tions, 𝑡 (49) = 10.93, 𝑝 < .001, 𝑑 = 1.55, 𝑡 (49) = 5.87, 𝑝 <

.001, 𝑑 = 0.83, and the difference in choice probability in-
creased, 𝑊 = 169.0, 𝑝 < .001, 𝑟 = .30. Thus in Experiment
2, participants’ choices seemed to be driven primarily by their
reward history with an additional but weaker influence of their

choice history. A mixed-effect logistic regression revealed
that the probability of choosing A2 increased with A2’s aver-
age value 𝑂𝑅 = 1.12, 95%𝐶𝐼 = [1.06, 1.17], 𝑝 < .001 (Fig.
2C). This further corroborates that participants were sensitive
to the action values. Yet, even for high values of A2, the choice
probability was below that of A1, indicating clear sensitivity
to the difference between average rewards of 9 and 11.

Modeling Results
Figure 3A-H shows posterior predictions for test phase be-
havior for the four models. In Experiment 1, the HL model
qualitatively reproduces the patterns of results (Fig. 3C),
whereas the RL and RL-RA models cannot (Fig. 3A-B). The
RL+HL model provides a closer quantitative fit (Fig. 3D).
In Experiment 2, the RL and RL-RA models predict partici-
pants’ reward sensitivity (choice probability of A1 higher than
of A2 and A3; Fig. 3E-F) but, crucially, cannot explain the
effect of A2 executions frequency during training (increase
in choice probability of A2 at test). Only the RL+HL model
predicts this effect accurately (Fig. 3H).

As Table 1 shows, the HL model performed best in Exper-
iment 1. Correspondingly, the RL+HL model put a higher
weight on the HL component for the majority of participants
(Fig. 4A). Only a small number of participants received a high
weight for the RL component, indicating that most participants
exhibited a value-independent response behavior. In Exper-
iment 2, the HL model performed worse, with the RL+HL
model showing the overall best performance. In line with this,
the RL component was weighted more strongly for the major-
ity of participants (Fig. 4B). Overall, the modeling analyses
corroborate the behavioral results, demonstrating a mixture
of value-free and value-based influences on responses. The
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Experiment 1 Experiment 2

RL 8571.29 8123.68
RL-RA 8587.82 8148.75

HL 8146.76 10239.06
RL+HL 8349.82 7778.41

Table 1: Model comparison via AIC

A B

Figure 4: Mixture weight of RL and HL in the RL+HL
Model. A purely blue (red) vertical line indicates a weight
of 1 for the RL (HL) component for that participant. (A):
Experiment 1. (B) Experiment 2.

composition of this mixture varies between mostly value-free
(in Experiment 1) and mostly value-based (in Experiment 2).
This suggests that whether behavior is dominated by reward
or choice history depends on environmental circumstances.
Range adaptation cannot provide an alternative explanation
for the observed value-free learning effect.

Exploratory Results
To further assess the results, we fit a hierarchical Bayesian
multinomial logistic regression model predicting action
choice (with A1 as reference action) based on the number
of A2 executions during training (and the value of A2 in
Experiment 2; using random intercepts for participants). In
Experiment 1, the probability of choosing A2 over A1 in-
creased during testing if A2 was chosen more often during
training, 𝛽 = 0.28, SD = 0.09, 99% HDI = [0.07, 0.51]. In
Experiment 2, the probability of choosing A2 over A1 also
increased, 𝛽 = 0.44, SD = 0.13, 99% HDI = [0.12, 0.78].
Furthermore, the probability of choosing A2 over A1 during
testing increased as the value of A2 during training increased,
𝛽 = 0.64, SD = 0.15, 99% HDI = [0.28, 1.02]. This sup-
ports the confirmatory results, suggesting a value-independent
influence of choice frequency on test behavior.

Discussion
This study investigated to what extent human behavior is
driven by the choices made in the past or the consequences of
those choices. We disentangled these two factors experimen-
tally while controlling for other mechanisms such as working
memory (WM, by focusing only on the test phase) and range

adaptation (by equating the range). Our results provide evi-
dence in favor of a combination of choice-based and outcome-
based influences on behavior. Which influence dominates
seems to depend on characteristics of the task environment.

Our results indicate that without a carefully controlled ex-
perimental design, behavior can be misinterpreted as being
solely driven by model-free reinforcement learning (RL, i.e.,
outcome-based learning) even if it is not. This is in line with
research suggesting alternative learning mechanisms, such as
WM (Collins, 2018) or episodic memory (Bornstein and Nor-
man, 2017). Recent work has also specifically drawn a distinc-
tion between habitual learning (HL) and model-free RL both
theoretically (Miller et al., 2019) and empirically (Collins,
2025; Greenstreet et al., 2025; Legler et al., 2025; Wagner
et al., 2025). By explicitly manipulating choice and reward
history separately, we provide direct evidence that HL con-
tributes to learning, and that overlooking this contribution may
lead researchers to mis-identify the neurocognitive processes
that underlie choices (see also O’Doherty, 2014).

The relative influence of HL and RL on behavior varied con-
siderably between the two experiments. One reason we found
little evidence of RL in Experiment 1 may be that test phase
performance was noisy, limiting our power to detect RL. In the
learning phase, participants quickly achieved their asymptotic
level of performance, suggesting that learning might have re-
lied strongly on WM; recent findings show that WM might
attenuate RL if WM load is low (Collins, 2018). Experiment
2 imposed a higher WM load (more simultaneous stimuli and
actions), possibly explaining a stronger influence of RL. While
RL seems to gain influence in the absence of WM, HL cru-
cially relies on WM to produce adaptive behavior (see Collins,
2025). This suggests that WM might play a fundamental role
in the interplay of RL and HL, posing an important avenue for
future research.

Furthermore, while Experiment 1 used partial reward feed-
back (only for the chosen action) and binary rewards with
different reward probabilities, Experiment 2 showed reward
feedback for all actions and used non-overlapping reward
magnitudes. One could therefore argue that reward feedback
was more informative and directly available in Experiment 2,
where we also found stronger evidence of RL. This is con-
sistent with the notion that humans might rationally rely on
both value-free and value-based information, depending on
their usefulness (Miller et al., 2019). Previous modeling work
also showed that augmenting a model-free RL algorithm with
an HL component can yield more stable and adaptive perfor-
mance (Greenstreet et al., 2025), justifying the use of value-
free information beyond a mere reduction in complexity (e.g.,
Gershman, 2020).

In summary, we provide evidence of separable influences
of model-free RL, HL, and WM on behavior. It is easy to
misinterpret these learning mechanisms as a single process,
such as model-free RL. However, this misinterpretation could
strongly affect the conclusions we draw about human behavior
and their real-world implications.
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