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The distinct functions of working memory
and intelligence in model-based and
model-free reinforcement learning
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Human and animal behaviors are influenced by goal-directed planning or automatic habitual choices.
Reinforcement learning (RL)models propose twodistinct learning strategies: amodel-based strategy,
which is more flexible but computationally demanding, and a model-free strategy is less flexible yet
computationally efficient. In the current RL tasks, we investigated how individuals adjusted these
strategies under varyingworkingmemory (WM) loads and further explored how learning strategies and
mental abilities (WM capacity and intelligence) affected learning performance. The results indicated
that participants were more inclined to employ the model-based strategy under low WM load, while
shifting towards the model-free strategy under high WM load. Linear regression models suggested
that the utilization ofmodel-based strategy and intelligencepositively predicted learning performance.
Furthermore, the model-based learning strategy could mediate the influence of WM load on learning
performance. These findings underscore the critical role of WM capacity in strategic selection during
RL process.

Learning to make choices based on feedback and to maximize rewards is
crucial for survival. Two distinct systems have been identified in the
decision-making process: a controlled system and an automatic system. The
controlled system relies on goal-directed planning, which entails greater
computational demands, while the automatic system depends on habitual
processing that requires fewer computational demands1–4. It remains less
understood whether these different systems are variably influenced by
complex environments or individual mental capabilities.

Reinforcement learning (RL) has been characterized as a form of
dopamine-dependent plasticity that shapes neural pathways to facilitate
value-based learning within the brain5. To effectively plan and guide sub-
sequent actions in response to environmental demands, organisms learn
from accumulated experience. They strive to establish connections between
their actions and outcomes while constructing cognitive models through
modification of neural pathways in their brains. Based on extensive studies,
the concept of reinforcement has expanded beyond traditional laws of effect
to encompass environmental and state-based information, closely aligning
with theories of instrumental conditioning observed in animals. Rodent
behaviors in dynamic environments characterized by stochastic reward-
punishment contingencies can be qualitatively simulated using RL algo-
rithms that incorporate environmental information6. This demonstrates
that knowledge about environmental state is as critical as reward signals in
shaping behavior.Moreover, both humans and animals have demonstrated

temporal difference learning and model-like valuations1,3; additionally, the
neural substrates and value estimation mechanisms that governing goal-
directed versus habitual behaviors have also been identified1,4.

Two distinct RL strategies have been proposed by Daw and his col-
leagues: the model-based strategy and the model-free strategy2,7,8. The
model-based RL strategy is characterized by its flexibility and is typically
driven by specific goals, taking current states into account. This approach
involves exploring the current environmental states and attempting to
establish internal models based on environmental information to guide
subsequent actions; however, this comes at the cost of efficiency due to
increased computational requirements. In contrast, the model-free strategy
ismore efficient and resource-conserving; it tends to be driven byhabits and
immediate rewards while primarily linking current feedbackwith particular
actionsor stimuliwithout consideringunderlying environmental structures.
The model-free strategy relies predominantly on prior action-outcome
experiences, enabling the automatic repetition of reward-seeking behaviors
with minimal cognitive demands compared to the model-based strategy9.
Both human and animal studies have focused on elucidating the distinct
roles played by model-based and model-free strategies in decision-making
processes and learning mechanisms9–15. For instance, both humans and
monkeys are capable of acquiring latent-state type strategies during two-
step tasks, utilizing inference regarding the current latent state to guide their
future behavior16,17, thereby exhibiting a hybrid strategy that integrates both
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model-based and model-free strategies throughout the learning
process9,18,19.

Traditional two-stage tasks have been employed to explore and dif-
ferentiate between model-based and model-free RL strategies, wherein
participants made choices between options that led to probabilistic transi-
tions into different states in the subsequent stage2,4,12,20–23. Model-based and
model-free strategies predicted distinct behavioral patterns regarding how
rewards obtained in the second stage influenced first-stage choices in later
trials. Numerous variations of this paradigm have emerged, incorporating
diverse reward probabilities, transition structures, numbers of options and
stages, as well as modifications to the instructions24–30. A novel two-stage
task has been further developed and employed25,27–30, which encompasses a
broader range of reward quantities to enhance distinguishability among
options while providing participants with more information. Furthermore,
the deterministic transitions reduce randomness, thereby encouraging
participants to better establish transitionmodels and employ amodel-based
strategy. The choosing action in the original second stage is replaced by a
simple collection action that prompts participants to focusmore intently on
their first-stage choice. The current study will adopt this innovative para-
digm to further investigate how the utilization of model-based and model-
free strategies is adjusted under varying mental loads, as well as how these
strategies are influenced by other mental abilities, such as intelligence.

Working memory (WM) serves as an essential indicator of mental
abilities. It refers to an information-limited process that enables individuals
to temporarily hold representations in mind for subsequent thought and
action, thereby allowing agents to store andmanipulate information31.WM
has been extensively shown to interact with RL processes32–35. Notably,WM
capacity has been found to correlate with model-based decision-making in
adults and may underpin RL processes36. According to dual-system RL
theory, model-based learning heavily relies on environmental information.
To sustain model-based learning, agents must allocate substantial cognitive
resources tomemorize the environmental structure and continuously verify
and adjust their understanding based on their WM throughout the entire
learning process.Moreover,WMacts as amediating factor; individualswith
lowerWMcapacity aremore susceptible to detrimental effects of stress that
impair their reliance onmodel-based learning, while those with higherWM
ability exhibit a greater utilization of model-based strategies23,36. Zuo et al.37

investigated the influence of WM processes on decision-making alongside
underlying cognitive computing mechanisms. They further established the
Hybrid-WM model and demonstrated a positive association between
individuals’ WM ability and model-based learning. However, it remains
unclear howWM interacts with RL strategies to further influence learning
performance. Considering the characteristics of RL,WMloads canmanifest
in bothexternal and internal aspects ofRL tasks. The externalWMloadmay
be perceived as an additional task, while the internalWM load could signify
a more intricate environmental structure within the RL task. The effect of
internal WM load on strategies and performance in RL tasks has been
infrequently examined in prior research.

Fluid intelligence represents another critical aspect ofmental abilities; it
refers to an individual’s capacity for employing deliberatemental operations
for reasoning and solving novel problems38,39. Numerous empirical and
educational studies have demonstrated that fluid intelligence is correlated
with human learning, especially in complex learning scenarios40–42. Never-
theless, only a limited number of studies have investigated the association
between fluid intelligence and model-based versus model-free RL process.
Schad et al.43 found that individuals exhibiting higher weights for model-
based learning displayed faster processing speeds. Developmental studies
have reported significant correlations between fluid reasoning and model-
based strategy use, further indicating that fluid reasoning mediated the
relationship between age andmodel-based decision-making23. Nonetheless,
it remains less known whether intelligence or its interactions withWMand
RL strategies can affect learning performance.

The current study aims to address two primary objectives. The first
objective is to investigate how different RL strategies are influenced by
various mental abilities, such asWMand intelligence. The second objective

is to explore the impact of RL strategies and mental abilities on learning
performance.WemanipulatedWM loads by employing tasks that involved
either two pairs or four pairs of stimuli. This approach allowed us to assess
how WM and intelligence influenced model-based and model-free RL
strategies under varyingWM loads. Our experimental design increased the
WMloadby incorporating environmental content requiringmemorization,
thereby focusing on investigating the effects of internal WM load. In
addition towidelyutilized computational parameters forRLprocess, such as
learning rate (which reflects the efficiency of value updating), eligibility trace
(representing the influence of the second-stage outcomes on first-stage
decisions in subsequent trials) and inverse temperature (indicating
the exploitation-exploration trade-off based on different values of options),
we primarily analyzed themixingweight parameter to represent themodel-
free and model-based strategies. It was hypothesized that WM loads and
intelligence would differentially affect learning strategies, and the influence
of mental abilities on overall learning performance could be modulated by
these learning strategies.

Results
We adopted a two-stage RL task adapted fromKool et al.’s paradigm27 with
low and highWM load conditions. Each trial consisted of two stages under
both conditions. In the first stage, participants were required to make a
choice that determined the subsequent state in the second stage. The
transition structure between these two stages was initially unknown; thus,
participants needed to construct the structure mentally through iterative
trial-by-trial attempts. In the second stage, participants pressedafixedkey to
collect rewards. The number of rewards followed an independent Gaussian
random walk distribution. The primary objective for participants was to
maximize their total rewards. Further details regarding the experimental
paradigm can be found in the Method section. Participants’ performance
was assessed based on corrected reward rates, and parameters related to the
RL computational model were estimated accordingly. Subsequent analyses
were conducted as follows. Firstly, the t-tests were performed to compare
differences in behavioral outcomes and computational model parameters
between low and high WM load conditions. Secondly, generalized linear
mixed-effects models (GLMMs) were constructed to further analyze con-
tributions frommodel-based and model-free strategies under varyingWM
load conditions, utilizing behavioral data that encompassed environmental
information as well as participants’ choices and obtained rewards during
each trial. Thirdly, correlation analysis was employed to investigate the
potential covariant relationships among measurements and parameters.
Moreover, by fitting linear regression models, we aimed to explore how
different variables collectively impacted task performance. Fourthly, med-
iation analysis sought to elucidate interactionmechanisms or indirect paths
among variables. Detailed results of each analysis are presented below.

Comparative t-test analyses
Based on parameters estimated by the RL model along with each partici-
pant’s corrected reward rate, t-tests were conducted to statistically validate
the differences between low and high WM loads. For the behavioral per-
formance, participants exhibited higher corrected reward rates in the low
WM load condition than that in the highWM load condition (t(49) = 11.2,
p < 0.001, d = 1.58), indicating that participants in the complex condition
experienced lower reward acquisition rates and exhibited poorer overall
performance (Fig. 1, Supplementary Tables 1 and 2). Furthermore, the
inverse temperature in the lowWM load condition was significantly higher
than that observed in the high WM load condition (t(49) = 9.99, p < 0.001,
d = 1.41), suggesting that participants’ performance under the complex
condition displayed a greater degree of randomness and a tendency towards
exploration rather than exploitation. The learning rate in the lowWM load
condition was significantly higher than that in the highWM load condition
(t(49) = 7.88, p < 0.001, d = 1.11), indicating a substantial reduction in
information utilization during complex tasks. Additionally, eligibility trace
was notably higher in the lowWM load condition compared to that under
the high WM loads (t(49) = 2.51, p = 0.015, d = 0.36), implying that the
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utilization of feedback outcome to update values of the first stage was
considerably reduced within complex contexts. It should be noted that the
mixing weight, which represented the degree of model-based control, was
also significantly reduced in the highWM load condition compared to that
observed in the low WM load condition (t(49) = 6.95, p < 0.001, d = 0.98;
W= 1140, p < 0.001, r = 0.79). This suggests that in the complex contexts,
participants were more inclined to employ simple and efficient model-free
strategies rather than engaging model-based strategies which necessitated
greater cognitive resources.These results demonstrate that underconditions
of heightenedWMdemands, particularlywhen extensive informationmust
be retained over prolonged delays, participants were unable to regulate their
learning behaviors as effectively as they did within the low WM load
scenarios.

GLMM analyses on different WM loads
To further explore the distinct learning strategies utilized under high and
low WM loads, we fitted separate GLMMs for each condition. This
approach enabled us to examine how participants’ choices in the first stage
and the rewards received in the second stage influenced their probability of
staying with the same choice in the subsequent trial (see Supplementary
Tables 3 and 5). The findings from these GLMMs corroborated previous
t-test analyses by demonstrating that participants engaged in more model-
based learning under lowWMcondition compared to highWMcondition.
To enhance clarity regarding variable interactions, we defined standardized
previous rewards greater than 0 as “reward” and those less than 0 as
“punishment”.

In the optimal model for the low WM load condition, participants
exhibited a pattern indicative of model-based learning. Previous rewards
had a significant positive effect on stay probability (β = 1.330, p < 0.001),
with no interaction reaching statistical significance (see Fig. 2a, b, Table 1).
Random effects analysis revealed significant individual differences in both
baseline stay probability (intercept variance = 0.333) and the impact of
previous rewards (slope variance = 0.218), showing a moderate positive
correlation between these factors (r = 0.68) (see Fig. 2e). The model fit
indices of Akaike Information Criterion (AIC = 5644.46) and Bayesian
Information Criterion (BIC = 5684.3) demonstrated strong explanatory

power (see Supplementary Table 4). These results suggest that under low
WM load condition, participants were more inclined to employ the model-
based strategy, and their reward acquisition was not affected by state
similarity. Furthermore, random slopes analysis highlighted crucial indi-
vidual differences: participants displayed significant variability in their
sensitivity to previous reward. The absence of significant random slopes for
state similarity further confirmed the universality of model-based learning
strategies under low WM loads.

Under the high WM load condition, participants demonstrated a
pattern characteristic of model-free learning. The optimal model indi-
cated significant main effects for both previous rewards (β = 0.572,
p < 0.001) and state similarity (β = 0.844, p < 0.001), along with a sig-
nificant interaction effect between them (β = 0.357, p < 0.001), indicating
that the influence of previous reward was amplified when participants
encountered identical states (see Fig. 2c, d, Table 2). Random effects
analysis uncovered individual differences regarding baseline stay prob-
ability (intercept variance = 0.111) as well as the impacts associated with
previous rewards (slope variance = 0.043) and state similarity (slope
variance = 0.044). Moderate correlations were observed between baseline
measures and previous reward effect (r = 0.52), while strong correlations
emerged between baseline measures and state similarity effects (r = 0.87)
(see Fig. 2f). Themodelfit indices (AIC = 5610.4, BIC = 5676.9) illustrated
robust explanatory power (see Supplementary Table 6). These results
imply that under high WM load condition, participants were more likely
to adopt an effort-saving hybrid strategy or even rely exclusively on a pure
model-free strategy. Their ability to acquire rewards was significantly
affected by state similarity; they demonstrated heightened sensitivity to
rewards and exhibited improvedmanagement of their selection behaviors
when confronted with identical starting states. However, they no longer
adhered to the principle of maximizing rewards when confronted with
different starting states. The random effects unveiled crucial shifts in
behavioral strategies: participants displayed individual differences in their
sensitivity to both previous reward and state similarity, indicating varied
weighting of hybrid strategies under WM constraints. Collectively, these
random effects illustrate the “fragmentation” of learning strategies under
high WM load condition; individuals employed hybrid strategies with

Fig. 1 | Paired t-test comparisons for reinforcement learning parameters and
learning performance between high and low working memory load conditions.
a The inverse temperature; b the learning rate; c the mixing weight; d the eligibility

trace; and e the corrected reward rate. A single asterisk indicates a significant dif-
ference between the lowWM load and the high WM load conditions, with p < 0.05,
while three asterisks denote a significant difference with p < 0.001.
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differing weights, yet overall, there was an increase in the weight assigned
to the model-free strategy.

Correlation and linear regression analyses
To investigate the association among learning performance, RL parameters
and intelligence under varying WM load conditions, we conducted

correlation analyses (see Fig. 3). From the perspective of RL behavior, RL
parameters were positively correlated under both low and high WM load
conditions. For example, the inverse temperature exhibited a positive cor-
relation with the learning rate (low load: r = 0.63, 95% CI [0.42, 0.77],
p < 0.001; high load: r = 0.56, 95% CI [0.34, 0.73], p < 0.001), and the
learning rate was positively correlated with the mixing weight (low load:
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r = 0.41, 95% CI [0.15, 0.62], p = 0.003; high load: r = 0.62, 95% CI [0.41,
0.76], p < 0.001). These findings suggest that model-based agents effectively
extracted experience from previous trials through information exploitation
and value updating. In terms of learning performance, the corrected reward

rate was significantly correlated with RL parameters, especially with the
inverse temperature (r = 0.69, 95%CI [0.51, 0.81], p < 0.001) and themixing
weight (r = 0.44, 95% CI [0.19, 0.64], p = 0.001) in the low WM load con-
dition, suggesting that model-based agents gained more rewards in this

Fig. 2 |Generalized linearmixed-effectsmodel (GLMM) results regardingmodel-
free andmodel-based contributions to stay probability. a Predicted reinforcement
learning (RL) behavior in the low WM load (2-pair) condition. The influence of
previous rewards (either reward or punishment) on stay probability across two
starting states (same or different from the preceding starting state) is comparable,
reflecting characteristics of model-based learning. b Predicted results derived from
the optimal model based on the influence of starting states in the low WM load
condition. The trajectories representing same and different starting states are almost
identical, further supporting evidence of model-based learning. c Predicted RL
behavior in the high WM load (4-pair) condition. Previous rewards significantly
affect stay probability across both starting states. Lower stay probabilities were

observed in scenarios with a different starting state, indicative of tendencies asso-
ciated with model-free learning. d Predicted results derived from the optimal model
based on the influence of starting states in the highWM load condition. A significant
increase in stay probability associated with previous rewards when originating from
the same starting state; however, this trend demonstrates low sensitivity to previous
rewards when considering different starting states, highlighting aspects of model-
free learning. e Random effects at the participant-level regarding intercept and slope
of previous reward (prevrew) in the lowWM load condition. fRandom effects at the
participant-level encompassing intercept, slope of previous reward (prevrew), and
state similarity (same) in the high WM load condition.

Table 1 | The optimal GLMM for the low WM load condition

Effect type Term Estimate Std.Error z-value p-value Variance (σ²) Std.Dev. (σ) Corr

Fixed Effects (Intercept) 1.001 0.090 11.070 <0.001 — — —

prevrew 1.330 0.079 16.910 <0.001 — — —

same 0.090 0.033 2.710 0.007 — — —

Random Effects subnr (Intercept) — — — — 0.333 0.577 —

subnr (prevrew) — — — — 0.218 0.467 0.680

Model: stay probability ~ previous reward (prevrew) + state similarity(same) + (1 + previous reward (prevrew) | sub).
Std.Error standard error, Std.Dev standard deviation, Corr correlation, prevrew previous reward, same state similarity, subnr subject number.

Table 2 | The optimal GLMM for the high WM load condition

Effect type Term Estimate Std.Error z-value p-value Variance (σ²) Std.Dev. (σ) Corr

Fixed Effects (Intercept) −0.760 0.061 −12.449 <0.001 — — —

prevrew 0.572 0.051 11.223 <0.001 — — —

same 0.844 0.048 17.447 <0.001 — — —

prevrew:same 0.357 0.042 8.562 <0.001 — — —

Random Effects subnr (Intercept) — — — — 0.111 0.333 —

subnr (prevrew) — — — — 0.043 0.208 0.520 (with Intercept)

subnr (same) — — — — 0.044 0.209 0.870 (with Intercept), 0.220 (with prevrew)

Model: stay probability ~ previous reward (prevrew) * state similarity (same) + (1 + previous reward (prevrew) + state similarity (same)| sub).
Std.Error standard error, Std.Dev standard deviation, Corr correlation, prevrew previous reward, same state similarity, subnr subject number.

Fig. 3 | Correlation matrix heatmaps illustrating the relationships among rein-
forcement learning parameters, intelligence, and overall learning performance.
a Correlation matrix heatmap corresponding to the low WM load condition.
b Correlation matrix heatmap corresponding to the high WM load condition.

cCorrelationmatrix heatmap depicting contrasts: differences between the lowWM load
condition and the high WM load condition. β represents the inverse temperature. α
denotes the learning rate. w signifies themixingweight. e stands for the eligibility trace. cr
refers the corrected reward rate, representing overall learning performance.
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context. And in the high WM load condition, significant correlations
emerged between the corrected reward rate and both the inverse tempera-
ture (r = 0.41, 95%CI [0.14, 0.61], p = 0.003) and the learning rate (r = 0.32,
95% CI [0.04, 0.55], p = 0.026); this suggests that participants who were
proficient at exploitation and information utilization achieved higher
rewards under this circumstance. Moreover, intelligence demonstrated a
significant correlation with the corrected reward rate in the low WM load
condition (r = 0.35, 95% CI [0.07, 0.57], p = 0.013). However, no significant
correlation was observed between learning performance and intelligence in
the high WM load condition.

To further explore the associations among WM load, participants’
learning performance, RL parameters, and intelligence,we performed linear
regression analyses. Our primary objective was to examine how each vari-
able related to learning performance,while controlling for other factors. The
mixing weight parameter served as an indicator of model-based RL. We
encodedWM load as 1 for low load condition and 2 for high load condition
accordingly. Considering the reliability and rationality of the model, from
the full model to all stepwise regression models, we selected an optimal
model where the corrected reward rate was determined a function of WM
load, the mixing weight, and intelligence (intercept = 0.78, SE = 0.04,
t = 17.57, p < 0.001; R2 = 0.60, see Fig. 4). Additionally, we referenced the
AIC and BIC values to further refine our model selection process (AIC =
−357, BIC =−344), ensuring that the chosen model provided the best fit
for thedatawhilemaintaining anappropriate balance betweengoodness-of-
fit and complexity. Our findings indicated that WM load negatively pre-
dicted task performance (β =−0.07, SE = 0.01, t =−7.17, p < 0.001), sug-
gesting that higher WM loads hindered participants’ ability to collect
rewards effectively. Intelligence scorespositivelypredicted taskperformance
(β = 0.003, SE = 0.001, t = 2.62, p = 0.01), suggesting that participants with

higher intelligence were more adept at obtaining rewards in the RL task.
Additionally, the mixing weight was found to positively predict learning
performance (β = 0.08, SE = 0.02, t = 3.41, p < 0.001). In general, partici-
pants achieved greater rewards by employing model-based strategies, and
the use of such strategieswas jointly influenced by fluid intelligence and task
complexity (see Table 3).

The mediation model
Weconducted anexploratorymediationanalysis to testwhether the effect of
WM load on task performance (corrected reward rate) wasmediated by the
mixing weight of model-based strategies. Bootstrapping results based on
1000 samples revealed that the impact ofWM load on corrected reward rate
was partially mediated bymixing weight of model-based learning strategies
(see Fig. 5, Table 4). WM load negatively predicted mixing weight (path
a =−0.232, p < 0.001), which in turn positively predicted reward rate (path
b = 0.090, p < 0.001). The indirect effect (ACME =−0.021, 95%CI [−0.037,
−0.008], p = 0.002) accounted for 24% of the total effect (Proportion
Mediated), while the direct effect (ADE =−0.066, 95% CI [−0.088,
−0.044], p < 0.001) remained significant. This suggests that higher WM
load reduced the reliance on model-based strategies, thereby impairing
reward acquisition, though additional unmediated pathways also con-
tributed to the total effect (Total =−0.087, p < 0.001).

Considering the limited sample size, we implemented a Monte Carlo
simulationwith1000 replicationsusing theobservedpath coefficients (a and
b paths) alongside our sample size (N = 100; comprising 50 participants
under both conditions). This approach enabled us to determine what per-
centage of these simulated analyses would yield statistically significant
mediation effects of Average Causal Mediation Effects (ACME) at α = 0.05.
This process allowed us to empirically estimate our study’s power to detect
true mediation effects44. The results demonstrated that the current media-
tion analysis achieved a statistical powerof 96.4% (α = 0.05) fordetecting the
ACME, given the specified model parameters and sample size. The out-
comes of the Monte Carlo simulations indicated our analysis maintained
reasonable power to identify mediation effects within the constraints
imposed by the present sample size.

Discussion
The current study investigated the interplay between mental abilities and
model-based versus model-free learning strategies, as well as how the
associations affected learning performance. Our findings indicated that
participants flexibly adopted different learning strategies depending on
varying WM load conditions which necessitated differing levels of mental
effort.UnderhighWMload,where greatermental effort andmore cognitive
resources were required, participants tended to employ a model-free
learning strategy. Conversely, under lowWM load, where less mental effort
was needed, participants were more inclined to adopt a model-based
learning strategy. Furthermore, it was found that the model-based learning
strategy mediated the impact of WM loads on RL performance. While
participants’ intelligence scores showed a significant association with RL
performance outcomes, they did not correlate withmodel-based or model-
free strategies in the current study.

Fig. 4 | Prediction performance of optimal linear model (Corrected reward ~
Mixing weight + WM load + Intelligence). The scatter plot comparing actual
versus predicted values clusters closely around the reference line (y = x), with an R²
value of 0.601, indicating strong predictive accuracy.

Table 3 | Linear regression coefficients indicating the effects of mixing weight, working memory load and intelligence on
corrected reward rate

Predictor Estimate Std.Error t-value p-value Std.
Estimate

95% Confidence interval

Lower Upper

Intercept 0.777 0.044 17.570 <0.001

Mixing weight 0.080 0.023 3.410 <0.001 0.27 0.112 0.427

WM load −0.069 0.010 −7.170 <0.001 −0.562 −0.717 −0.406

Intelligence 0.003 0.001 2.620 0.01 0.172 0.042 0.301

Std.Error standard error, Std.Estimate standard estimate,WM working memory.
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The present study indicated that WM load served as a crucial role in
human arbitration between model-based and model-free RL processes. In
the low WM load condition, participants devoted less mental effort to the
memorization of stimulus-action-outcome associations and retained more
cognitive resources for implementing flexible and prospective model-based
learning. Conversely, under high WM load condition, participants were
more likely to implement a hybrid or pure model-free strategy that was
resource-efficient and immediate. Under high WM loads, more mental
effort was required to memorize the stimulus-action-outcome associations,
and fewer resources remained available for the RL process. These findings
suggest that human brains exhibit flexibility in balancing benefits against
mental effort throughout the task; they estimate the expected rewards
associated with each strategy governed by distinct systems before weighing
these rewards against the respective costs28. It is also important to note that
the manipulation of increasing WM load by incorporating additional
environmental structures may elevate overall task difficulty. A more com-
plex transition structure could heighten individuals’ planning challenges by
necessitating simultaneousmonitoring ofmultiple potential planning paths
—this cognitive demandalignswithKool et al.’sfindings,which suggest that
task planning complexity can influence the task-specific cost of mental
effort45, thereby biasing strategy selection and impairing learning
performance15,46–52. Furthermore, the increased complexity and uncertainty
associated with transition structures in more challenging conditions may
correlate with higher intrinsic effort costs and constrain the availability of
cognitive control36,43,49,53,54. The deficits observed in model-based learning
under high WM load conditions might be linked to impaired exertion of
cognitive control49,54,55.

The random effects derived fromoptimalGLMMsunder low andhigh
WM load conditions revealed distinct correlations. In the low WM load
condition, participants exhibiting higher baseline stay probabilities
demonstrated greater sensitivity to previous reward, indicating that this
“cautious-optimizing” covariation pattern may reflect trait-like learning
strategy preferences. In the high WM load condition, a strong correlation
between baseline stay probability and state similarity effect suggests that
conservative learners relied more heavily on state-matching heuristics.
Meanwhile, the moderate correlation between baseline-reward sensitivity
and individual specificity in reward-driven behavior was preserved. These
patterns of individual differences suggest that during RL processes, both
learning performance and strategic arbitration may be influenced by per-
sonality traits or emotion states.

No significant correlation was observed between intelligence and
mixingweight.Thisfinding alignswith studies29 that employedKool et al.’s27

novel two-stage task, but contrasts with research23 utilizing the traditional
two-stage task developed by Daw and his colleagues9. In Kool et al.’s novel
task, deterministic transitions and faster drifting reward rates encouraged
participants to adopt the model-based strategy; a model-based agent could
leverage the internal model of the task structure to maximize rewards.
Therefore, task performance and learning strategies relied more on task-
based WM capacity to construct the task structure. On the other vein, the
traditional two-stage task presented greater complexity due to its higher
randomness; thus, general intelligence was highly desired to account for the
probabilistic transition. It can be inferred that the relationship between

model-based strategy adoption and intelligence is unstable and affected by
characteristics inherent in different two-stage paradigms.

In examining the factors influencing learning performance, it was
found that inverse temperature positively correlated with corrected reward
rates under both high and low WM loads. This finding suggests that
selecting actions basedon exploitationof known informationwas associated
with higher rates of obtained rewards. Under low WM loads, corrected
reward rates were significantly associated with both model-based mixing
weight and intelligence scores; however, these correlations diminished
under high WM loads. One possible explanation is that the complexity
associated with highWM demands may have impeded participants’ ability
to establish accurate cognitive models22, thereby preventing them from
maximizing rewards through a more model-based strategy. This specula-
tion is partially corroborated by participants’ feedback collected after task
completion; several participants reported incorrect transition structures.
Notably, the relationship between intelligence and learning performance
varied across differentWM load conditions. In the lowWM load condition,
intelligence exhibited a stronger positive correlation with task performance.
In contrast, in the high WM load condition, where intensive utilization of
WM capacity was required, the association between intelligence and per-
formance was attenuated. This may be attributed to the fact that task-
specific cognitive resources became more critical than general intellectual
ability within such contexts. Further investigation is warranted by designing
an additional WM task alongside the two-choice RL task, which could
further elucidate the relationships among WM, intelligence and RL pro-
cesses through independent manipulation of WM demands.

Furthermore, to gain a deeper understandingof howWMload,model-
based strategy, and human intelligence collectively contribute to learning
performance, both linear regression models and mediation analyses were
conducted to provide additional insights. The linear regression analysis
indicated that WM loads negatively predicted participants’ learning per-
formance; specifically, higherWM loads were associated with lower reward
rates. ElevatedWM load may hinder participants from allocating sufficient
cognitive resources to balance the memorization of task structure and the
interpretation of outcome, ultimately impairing their ability to secure
greater rewards. Simultaneously, both model-based implementation and
intelligence positively predicted participants’ performance in selecting
rewardedoptions.A greater applicationofmodel-based strategy facilitateda
better understanding of task structures and enabled more accurate predic-
tions regarding action values, leading to an increase in rewarded choices.
Higher levels of intelligence correlatedwith enhanced reasoning capabilities
and flexibility in understanding task structures as well as stimulus-action-
outcome associations, which resulted in improved choice outcomes. More
importantly, the mediation analysis further revealed that the mixing weight
representing the contribution of model-based learning served as a partial

Fig. 5 |Mediation analysis ofworkingmemory load on corrected reward ratewith
mixing weight as a mediator. The mediation analysis revealed a significant direct
negative effect of working memory load on corrected reward rate. In the mediated
pathway, working memory load showed a significant negative effect on mixing
weight, which in turn had a significant positive effect on corrected reward rate,
resulting in a significant indirect effect. The total effect of working memory load on
corrected reward rate was also significant.

Table 4 | Results of mediation effect analysis

Effect measure Estimate 95%Confidence interval p-value

Lower Upper

ACME −0.021 −0.037 −0.008 0.002

ADE −0.066 −0.088 −0.044 <0.001

Total Effect −0.087 −0.104 −0.071 <0.001

Prop. Mediated 0.24 0.088 0.437 0.002

ACME Average Causal Mediation Effect, ADE Average Direct Effect, Prop. Mediated Proportion
Mediated.
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mediator in the association between WM load and final learning perfor-
mance. This finding suggests that model-based learning strategy may
mediate the impact of WM load on learning outcomes. Specifically, enga-
ging in tasks under highWM load inevitably requires greater mental effort
and cognitive resources compared to lowWMload condition; this increased
demand impairs participants’ initiative to employmodel-based strategy and
subsequently hinders their performance in reward collection. However,
given the relatively small sample size, the results from themediation analysis
mayhave a certaindegree of uncertainty, and thus shouldbe interpretedand
used with caution.

Several limitations are present in the current study. First, the gen-
eralizability of our findings is constrained by the relatively small sample
size. The limited samplemay have reduced statistical power and restricted
the applicability of certain analytical approaches, particularly mediation
analysis. While observed patterns are theoretically meaningful, their
robustness should be verified through larger-scale replications. Second,
the current design confoundedWM load with general task difficulty; this
may limit specificity regarding conclusions about the role of WM itself.
HighWMloadmight indirectly increase overall task difficulty, resulting in
performance differences that reflect global cognitive demands rather than
effects specific toWM.Future research can further investigate these effects
by incorporating an explicit WM task while participants engage in the
two-stage RL task. By independently manipulatingWM demands, it may
be possible to determine participants’ threshold for transitioning from a
model-based to amodel-free strategy. It will be valuable to further explore
how WM and intelligence influence learning performances under these
circumstances.

In summary, this study demonstrates that individuals can flexibly
adjust their learning strategies based on varying circumstances associated
with different levels of WM loads. The utilization of model-based strategy,
together with WM capacity and intelligence, influences an individual’s
learning performance. Furthermore, the impact of WM load on an indivi-
dual’s learning performance may be mediated by the use of model-based
learning strategy. The current study sheds light on humans’ flexible
mechanism for adjusting algorithms across diverse strategies according to
specific task requirements, thereby enhancing both adaptability and effi-
ciency during RL processes.

Methods
Participants
All participants were recruited from local universities through online plat-
forms in Beijing. In accordance with the Declaration of Helsinki, the
experimental protocolswere approved by the ethic committee of Institute of
Psychology, Chinese Academy of Sciences.

We utilized G*power to determine the required sample size for our
study. In alignment with our primary hypothesis, we opted for matched
pairs t-tests as the statistical method, anticipating an effect size of 0.5
(α = 0.05, 1−β = 0.95, one-tailed, η2 = 0.5). The analysis indicated that a
minimum sample size of 45 participants was necessary. Consequently, we
recruited a total of 50 human participants (23 males and 27 females). The
age rangeof the participants spanned from18 to 29 years,with ameanageof
21.38 years (SD = 3.50).All participants hadnormal or corrected-to-normal
vision and exhibited no difficulties in color discrimination. Additionally,
none had a family history of mental illness, and all were right-handed.
Informed consent was obtained from each participant prior to the invol-
vement in the study. Upon completion of the experiment, each participant
received basic remuneration along with performance-based rewards during
the task; these payments ranged from ¥60 to ¥80 in total.

Procedure
Participants completed the two-stage RL tasks on a computer, with stimulus
presentation and behavioral response recording implemented through Psy-
choPy (version2024.1.5). Participants’fluid intelligencewas assessed through
Cattell’s Culture Fair Intelligence Test38,39 which comprises four independent
sections: serialization (12 items), classification (14 items), reasoning (12

items), and topology (8 items). The number of correctly answered items
within a limited time frame served as an indicator of fluid intelligence. The
methods and analyses employed in the present study were not preregistered.

The current paradigm was adapted from Kool et al.’s27 two-step RL
task, incorporating both a low WM load condition [similar to Kool et al.’s
task] and a high WM load condition (Fig. 6a). These two conditions were
organized into separate blocks,with their order balanced acrossparticipants;
the participants were informed about the sequence at the beginning of the
task. In the low WM load condition (2-pair), there were two fixed pairs of
doors presented in the first stage, and two distinct bears were shown in the
second stage (Fig. 6b),mirroring the original design established byKool and
his colleagues. The door pairs remained constant throughout the experi-
ment; for example, one pair consistently consisted of a red door and a green
door, while another pair comprised yellow and blue doors. The positions of
these doors on either side of the screen were balanced across trials. In the
highWM load condition, fourfixed pairs of doors appeared in thefirst stage
alongside four different bears displayed in the second stage (Fig. 6d). In both
conditions, the experimental background was set to white; each door was
approximately 287 pixels by 452 pixels while each bear was around 363
pixels by 450 pixels. The visual angle was approximately set at 60°.

Each trial consisted of two stages under both low and high WM load
conditions. In the first stage, one pair of doors was presented on the screen,
and participants were instructed to choose one door. Each selected door
deterministically led to encountering one specific bear in the second stage
(Fig. 6b, d). Participants had a time limit of 2 s within which to make their
selection by pressing the “F” key for left-door selection and “J” key for right-
door selection. Upon selection, a red frame highlighted their chosen door;
this selectionprocess took a total durationof 3 s. Subsequently, in the second
stage, an image of one bear was displayed centrally on the screen. Partici-
pants were required to request strawberries from the bear by pressing the
“SPACE” key within 2 s. Following this action, feedback regarding
the number of strawberries obtained during that trial was presented on the
screen for 1 s. The quantity of strawberries provided by each bear adhered to
an independent Gaussian random walk distribution (μ = 0, σ = 2), with
values ranging from 0 to 9 (Fig. 6c). The intertrial interval was set at 2 s. In
conditions characterized by lowWM load, each pair of doors was presented
a total of 60 times; inhighWMload conditions, eachpair appeared30 times.
Participants were given a one-minute break after every 40 trials within each
condition, and therewas a three-minutebreak betweendifferent conditions.
Prior to commencing the formal task, all participants underwent a practice
session consisting of 20 trials to familiarize themselves with the task pro-
cedure. Each condition lasted about 18min.

In addition to standard trials, four probe trials were administered at
intervals corresponding to the 64th, 79th, 94th, and 109th trials for each
condition in order to assess whether participants had accurately learned the
mapping between doors and bears. During each probe trial, a prompt was
presented for 2 s, and participants were instructed to identify which bear
couldprovide substantial strawberries by choosing onedoor fromthepair of
doors (the pair configurationmirrored that used in standard trials) (Fig. 6e).
Participants were required to recall previously learned transition structures
associated with tasks while attempting to select doors linked with bears
capable of providing more rewards. Correct selections resulted in an award
of one hundred strawberries, whereas incorrect selections yielded no
rewards during these probe trials. Analysis on the numbers of rewards
collected from these probes provided insights into when participants
acquired knowledge regarding transition structures alongside stimulus-
action-outcome associations.

The experimenter provided comprehensive instructions to the partici-
pants, who were permitted to review the instruction document and pose
questions as necessary. Through familiarization with these instructions,
participants were required to grasp several key points: first, the independent
fluctuation of strawberry availability when interacting with different bears;
second, the deterministic transitions between doors and bears, where each
door consistently led to a specific bear; third, theprocedure for selectingdoors
and collecting strawberries from bears. Participants were explicitly informed
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that their goal was to collect as many strawberries as possible from the bears
across both conditions. Through repeated attempts, they could discover that
the number of strawberries given by different bears varied within a certain
period of time; thus, participants had to decide which door to choose in the
first stage in order to encounter the bear that could offer more strawberries.
Given that strawberry availability was constantly changing, participants
needed to continuously monitor feedback fluctuations in the second stage
while striving for optimal choices made during the first stage. Moreover, it is
important to note that the amount of strawberries collected directly influ-
enced participants’ monetary compensation associated with their perfor-
mance on this task. For every 250 strawberries gathered, participants would
receive a payment of ¥5, and the total number of strawberries obtainedwould
be displayed on the final trial of each condition.

Task performance measurement and RL model parameter
estimation
Preprocessing was conducted using R 4.4.1, encompassing steps such as
deleting missing trials and encoding participants’ behaviors.

Behavioral performance was measured as follows. The number of
strawberries generated for each participant was independent, which also
meant that the maximum number of strawberries they could obtain was
independent. Therefore, we used a corrected reward rate to evaluate their
task performance by computing the ratio of the actual number of straw-
berries obtained to the theoretical maximum number of strawberries (see
Eq. (1)). The theoretical maximum number was defined as the sum of all
higher-value rewards that could be obtained by consistently choosing the
more rewarded door-bear associations at each trial timepoint. The actual
number of strawberries obtained reflected the extent to which participants
made optimal choices throughout the experiment. Higher corrected reward
rates represented better performance. This measurement was used for
subsequent statistical analyses to compare participants’ different task per-
formance across low and high WM load conditions.

corrected reward rate ðcrÞ ¼ actual obtained quantity
maximum obtainable quantity

ð1Þ

Fig. 6 | Two-stage reinforcement learning tasks. a Each trial consists of two stages.
In the first stage, participants were required to choose either the right or left door to
enter; subsequently, in the second stage, participants collected strawberries from a
bear and received feedback regarding their choices. bTransition structure for the low
WM load condition. The pink and cyan doors deterministically led to the white bear,
while the dark blue and orange doors deterministically led to the blue bear.
c Random fluctuations in rewards. The number of strawberries that participants
received from each bear ranged from 0 to 9, following an independent Gaussian

random walk (μ = 0, σ = 2). d Transition structure for the high WM load condition.
The red and blue doors deterministically led to the brown bear, whereas the green
and yellow doors deterministically led to the black bear. The rose and purple doors
deterministically led to the buff bear, and the gray and lime doors deterministically
led to the purple bear. e During each probe trial, participants were instructed to
identify which bear could provide substantial strawberries by choosing one door
from the pair of doors.
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The dual-systems RL computational model was built. We employed a
well-established and validated dual-system RL model2,9,12,27,28 to estimate
parameters reflecting model-based and model-free contributions to
decision-making behaviors. The packages and foundational model frame-
work utilized in our analysis were derived from prior studies27,28. Themodel
comprised both a model-free system and a model-based system, which
differed in their levels of environmental representation as well as the
methodologies used to estimate action and values in certain states. These
values of state-action pairs were denoted as the function Q(s,a)5,9,56,57. The
model-free system simply updated action values based on reward prediction
error (RPE) comparisons between actual outcomes and expected outcomes.
When an action resulted in a more favorable outcome than anticipated, the
value of this action increased; conversely, if the outcome was less favorable
than expected, its value decreased. In contrast, the model-based system
updated values according to not only feedback but also an internalmodel of
the environment to formulate plans that incorporated both environmental
transition structure and reward functions, gradually progressing towards
the final goals. Throughout the entire learning process, transition structure
and reward functions were continuously maintained and updated in real-
time to guide decisions by considering potential consequences of actions. In
RL tasks, distinguishing between the behaviors of model-free and model-
based agents was justified by the latter’s ability to utilize generalized infor-
mation. For instance, when a participant employing amodel-based strategy
chose the pink door and encountered the white bear that provided nine
strawberries, he/she would bemore likely to choose the pink door as well as
the cyandoor in subsequent trials, rather than limiting their choices solely to
the pink door. In short, while model-based agents could establish connec-
tions betweendoors leading to bears,model-free agents relied exclusively on
rewards26,27.

According to previous studies28, we estimated and analyzed the fol-
lowing modeling parameters to elucidate the differences in learning pro-
cesses between low and high WM load conditions. The computational
model simulated participants’ learning process by incorporating behavioral
data (choices and obtained rewards) and environmental information
(transition structures and available options) from each trial. The value
associated with each action (selection behavior) was updated on a trial-by-
trial basis, relying on calculations of RPE and state prediction error (SPE).
The resulting parameters reflected various learning characteristics, includ-
ing degree of information utilization, tendencies toward exploration versus
exploitation, and preferences for model-based versus model-free strategies.

For computingmodel-free strategy,model-free agents update values of
state-action pairsQ(s, a) at stage i (i = 1, 2) and trial t in accordance with the
SARSA (state-action-reward-state-action) temporal difference learning
algorithm58 in the two-stage task. The update rule is expressed as follows:

QMF s1;t ; a1;t
� � QMF s1;t ; a1;t

� �þ αδ1;t þ αδ2;te2;t s2;t; a2;t
� �

ð2Þ

QMF s2;t ; a2;t
� � QMF s2;t ; a2;t

� �þ αδ2;t ð3Þ

where

δi;t ¼ ri;t þ QMF siþ1;t ; aiþ1;t
� �� QMF si;t ; ai;t

� � ð4Þ

is the RPE that reflects the discrepancy between the actual value and the
expected value at the current stage. The actual value comprises the reward
received during this stage and the expected value for subsequent stage. The
effect of RPE is jointly determined by three factors: learning rate (α), reward
prediction error (δ) and eligibility trace (e). The learning rate is associated
with the efficiency of value-updating and represents how much new
information will be integrated into forming expectations for future rewards,
ranging from0 to 1.Ahigher learning rate signifiesmore efficient updatesof
action values based on outcomes, suggesting that agents can incorporate
more information from experience.

The eligibility trace (e) captures how outcomes in the second stage
affect action values in the first stage. The eligibility trace ðei;tðsi;t ; ai;tÞ) is

initialized to 0 at the beginning of each trial and is updated prior to Q-value
updating:

ei;t si;t ; ai;t
� � ¼ ei�1;t si;t; ai;t

� �þ 1; i ¼ 1 ð5Þ

representing the extent to which the second-stage RPE affects updates of
reward expectations for the first-stage actions. Then the eligibilities of all
state-actionpairs are decayedbyλ (ranging from0 to1) after the updatingof
first stage.

ei;t si;t ; ai;t
� � ¼ ei�1;t si;t ; ai;t

� �ð1� λÞ; i ¼ 2 ð6Þ

It should be noted that in the first stage, the reward is always equal to
0 since no rewards are obtained; thus, RPEs in the first stage solely reflect
differences between expected values across both stages.

δ1;t ¼ QMF s2;t ; a2;t
� �� QMF s1;t ; a1;t

� � ð7Þ

However, in the second stage, participants receive feedback regarding
the rewards. Given that there is no next stage, RPE is driven by the dis-
crepancies between received reward values and expected values.

δ2;t ¼ r2;t � QMF s2;t; a2;t
� �

ð8Þ

The action values for both first and second stages are updated at the
second stage, as the updating of the first stage relies on the eligibility trace
parameter generated in the second phase.

To measure model-based strategy, model-based agents acquire
knowledge about task transition structures thatmap state-action pairs from
the first stage to subsequent states in the second stage. They integrate these
task structures with feedback rewards—model-free values obtained directly
during the second stage—to compute cumulative state-action values
throughout the entire learning process via continuous iteration. As descri-
bedabove,model-based agents acquire feedback rewards in the second stage
in the samemanner asmodel-free agents. This is because, for both strategies,
the estimated values in the second stage depend on prior feedback rather
than on the task structure itself. Model-based values are articulated through
Bellman’s equation59, wherein state-action pairs values are determined
based on all possible behavioral outcomes and all transition structures are
assumed to be known. For example, within our experiment, there are two
actions—a1A and a1B—in the first stage; each action deterministically leads
to a specific subsequent state (s2A or s2B) in the second stage, where only
action a2 can be taken. According to Bellman’s equation:

QMB s1; aj
� �

¼ Pðs2Ajs1; ajÞmax
a

QMF s2A; a
� �þ Pðs2Bjs1; ajÞmax

a
QMF s2B; a

� �
;

ð9Þ

where Pðsijsi�1; ajÞ is the transition probability from the current state ðsi�1Þ
to the subsequent state si

� �
by taking action ðajÞ. Based on the deterministic

transition structure in our learning tasks, theprobabilities are always either 0
or 1. If a model-based agent has learned the correct transition structure in
the task, he/she will compute each state-action value as follows:

QMB s1; a1A
� � ¼ Pðs2Ajs1; a1AÞmax

a
QMF s2A; a

� � ¼ QMF s2A; a2
� �

ð10Þ

QMB s1; a1B
� � ¼ Pðs2Bjs1; a1BÞmax

a
QMF s2B; a

� � ¼ QMF s2B; a2
� �

ð11Þ

These model-based estimated values are recomputed at each trial by
using the updated information of transition structure and rewards in the
second stage.

To infer the contributions of model-free versusmodel-based strategies
in learning, we computed the mixing weight (w). Rather than relying solely
on either a single model-free or model-based strategy, participants typically
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employ a hybrid model that integrates both strategies according to:

Qnet si;t ; aj;t
� �

¼ wQMB si;t ; aj;t
� �

þ ð1� wÞQMF si;t ; aj;t
� �

; ð12Þ

where (w) represents the contribution ofmodel-based strategy,while (1−w)
signifies that of themodel-free strategy. Amixingweight value approaching
1 indicates a strong reliance on the model-based strategy, whereas a value
nearing 0 reflects a predominant use of model-free strategy. After
computing the values for state-action pairs, the softmax method is used to
convert these values into probabilities for each action in a specific state. The
probability of choosing action (a) on trial (t) at state (s) is computed as
follows:

Pðai;t ¼ ajsi;tÞ ¼
exp βQnet si;t ; a

� �� �

P
a0 exp βQnet si;t; a0

� �� � ð13Þ

where (a0) indexes all currently available actions and (β) denotes the inverse
temperature parameter. It is assumed that the probability of taking an action
is determined by the proportion of its value relative to all action values, and
the exploitation of the value information is influenced by the inverse tem-
perature. The inverse temperature (β) governs the exploration-exploitation
trade-off, namely the randomness of the choice. Higher values of inverse
temperature correspond to greater exploitation of known informationwhen
selecting actions, while lower values indicate greater exploration tendencies.
As this parameter increases, participants demonstrate enhanced exploita-
tion of learned information, preferentially selecting actions associated with
higher expected values. Conversely, as the parameter approaches zero,
action selection becomes less sensitive to value differences, resulting in
uniformly distributed choice probabilities.

Additionally, we set priors for parameters to facilitate initialfitting, and
these parameters were adjusted through constant iteration to best alignwith
participants behaviors. In subsequent statistical analyses, computational
model parameters (themixingweight, the inverse temperature, the learning
rate, and the eligibility trace)were compared between lowWMload (2-pair)
and highWM load (4-pair) conditions. These parameters were also utilized
for correlation analyses and linear modeling as well as mediation analyses.

Statistical analyses
We conducted several analyses on the current data. First, one-tailed t-tests
were performed to compare differences in behavioral performance (cor-
rected reward rate) and computational model parameters (mixing weight,
learning rate, etc.) between low and high WM load conditions.

Second, we constructed GLMMs using R packages to analyze the
contributions of model-based and model-free strategies to learning per-
formance under low and high WM load conditions, as informed by prior
research27,30. Participants’ choice and reward information (including the
number of obtained rewards) from each trial were used to fit models
separately for eachWM load condition. The best-fittingmodel was selected
based on the correctedAIC (AICc).Model selection and result visualization
were carried out using the AICcmodAvg package60 alongside the ggeffects
package61.According to twodifferent optimalmodels corresponding to each
condition, we compared the effects of previous rewards (prevrew), differ-
ences in provided rewards from previous trials (prevrewdiff) and state
similarity of options in the first stage between current and previous trials
(same) on the probability of revisiting adoor (stayprobability). This analysis
reflects participants’ learning differences based on their behavioral patterns.
Specifically, a main effect of previous rewards without interaction can be
interpreted as a component of a model-based strategy, suggesting that
participants canmaximize rewards regardless ofwhether the starting state is
the same or different. This is a sign that the action value is generalized based
onenvironmental information.Conversely, amain effect of previous reward
with an interaction between previous rewards and state similarity can be
viewed as a component of model-free strategy27. Participants are unable to
follow the principle of maximizing rewards when confronted with different

starting states. This inability to generalize information based on environ-
mental clues is amanifestation ofmodel-free learning27,30. In eachmodel, we
incorporated participant-level random intercepts to account for individual
differences in baseline stay probability. Previous studies have demonstrated
that individuals also varied in their strategy selection based on reward stakes
and environmental characteristics30,45, which may influence their stay
probabilities. Therefore, building upon optimal random-intercept models,
we further integrated randomslopes for previous reward and state similarity
to assess whether these effects varied across participants.

Third, the correlation analyses were used to preliminarily investigate
the potential covariation among measurements and parameters, serving as
preparation for the linear regressionmodel. Given that not all data obeyed a
normal distribution, both parametric (Student’s t-test, Pearson correlation)
and non-parametric (WilcoxonW test, Spearman correlation) approaches
were applied where appropriate. Moreover, by fitting the linear regression
models utilizing the lme4 package62, we aimed to explore how different
variables impacted task performance. These models assessed how the cor-
rected reward rate was predicted by contributions from model-based
strategy, WM load, and intelligence scores.

Finally, the mediation analysis aimed to elucidate the interaction
mechanisms or indirect paths among variables. Based on the potential
associations identified among these variables, we proposed two mediation
models: first, the mixing weight may mediate the effect of WM load on
learning performance; second, the mixing weight could mediate the con-
tribution of intelligence on learning performance. Given the limited sample
size, we conducted tests of statistical power by simulating 1000 datasets
while repeatedly performing mediation analyses and calculating the pro-
portion of significantACME results.We employedMonteCarlo simulation
methods utilizing data resampling techniques to comprehensively evaluate
joint effects withinmediation analysis44. By directly simulating real research
scenarios, this approach yields highly consistent results with actual data
analysis outcomes, making it particularly suitable for testing complex
mediation models.

Data availability
The datasets generated and analyzed during the current study are available
in the Open Science Framework (OSF) repository: https://osf.io/t2vdz/files/
osfstorage.

Code availability
The underlying code for this study is available inOSF repository and can be
accessed via this link: https://osf.io/t2vdz/files/osfstorage.
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