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Abstract 

Children are adept statistical learners, capable of parsing streams of structured input into 
meaningful units, but the explicit knowledge of environmental structure that they acquire 
through experience often differs from that of adults. To date, however, it is unclear how 
developmental changes in learning mechanisms influence structured knowledge acquisition. To 
address this question, we tested 110 children, adolescents, and adults, ages 8 - 22 years, on a 
predictive learning task, in which they experienced sequences of stimuli with a higher-order 
temporal structure. After an initial learning phase, participants’ explicit knowledge of the 
relations between stimuli was probed via two additional task measures. We used a recently 
introduced computational model to characterize participants’ response times during learning, 
and found that all participants relied on simple, recency-based prediction, anticipating that they 
would encounter stimuli they recently encountered in the past. With increasing age, however, 
participants demonstrated greater evidence of additionally relying on a more sophisticated 
learning mechanism, which captured a predictive representation of the contingent  relations 
between stimuli. The extent to which participants demonstrated evidence of this more complex 
form of predictive learning related to — and accounted for age-related improvements in — their 
explicit knowledge of the task’s underlying structure. Our results suggest that age-related 
changes in the use of different predictive learning mechanisms influences the structured 
knowledge that people derive from experience, providing an account for why children, 
adolescents, and adults form different representations of their environments from identical 
streams of experiences. 
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Introduction 
 Across development, experiences in the world unfold in a continuous, temporal stream. 
This stream of experiences tends to have rich structure that can be exploited to guide 
predictions about the future and subsequent behavior. Across repetitions of structured streams 
of input, people form temporal associations between their experiences, grouping them into 
more abstract event representations or “temporal schemas” (Ghosh & Gilboa, 2014; Schapiro 
et al., 2013, 2016). These representations in turn facilitate reasoning, inference (Pudhiyidath et 
al., 2020, 2022), and value-guided decision-making, enabling the rapid evaluation of the 
potential consequences of different actions multiple steps into the future (Kahn & Daw, 2025; 
Momennejad et al., 2017; Russek et al., 2017).  A child’s mornings, for example, may regularly 
involve eating breakfast, packing their backpack, getting on the bus, and eventually, sitting in 
their math class, such that they learn to associate these experiences with each other, and the 
simple act of eating breakfast elicits anticipation of and preparation for the day’s math lesson. 
 Given the ubiquity of statistical regularities within naturalistic streams of experience 
— and the consequences of learning those regularities for adaptive behavior  — for decades, 
developmental researchers have investigated early-emerging sensitivity to structured input 
(Forest et al., 2023). This research has revealed that infants (Hay et al., 2011; Pelucchi et al., 
2009; Saffran et al., 1996) and children (Arciuli & Simpson, 2011; Jung et al., 2021) are excellent 
statistical learners, capable of parsing continuous streams of auditory and visual experiences 
into meaningful units based on transition probabilities between events. Despite these 
early-emerging abilities, after experiencing streams of structured input, children often show 
weaker explicit knowledge of the relations between stimuli in their environments than adults 
(Finn et al., 2018; Jung et al., 2021; Potter et al., 2017; Qu et al., 2024; Schlichting et al., 2017; 
Shufaniya & Arnon, 2018). These developmental differences may be particularly pronounced in 
environments with complex temporal structure, where predictive relations between events span 
multiple timesteps (Pudhiyidath et al., 2020). To date, however, the underlying cognitive 
mechanisms that support developmental improvements in the acquisition of explicit, structured 
knowledge of these complex contexts remain unclear. 

Multiple forms of learning may enable people to parse continuous streams of input into 
distinct contexts and form expectations about events multiple steps into the future. In 
particular, people can rely on simple, recency-based learning mechanisms or more complex, 
stimulus-conditional learning (Kahn et al., 2024). In many environments, people experience 
repeated exposures to the same perceptual inputs, such that states or stimuli that have been 
encountered in the recent past are likely to be encountered again in the near future (Anderson & 
Schooler, 1991). In these environments, people can rely on recency-based predictive learning 
mechanisms in which they form expectancies about the future based on the strength of traces 
of past experience (Reynolds et al., 2007; Zacks et al., 2011). Critically, however, these 
recency-based predictions are grounded in time, and are not stimulus-dependent, meaning 
they do not involve the formation of associations between different states. Thus, in and of itself, 
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recency-based predictive learning may not promote the construction of explicit representations 
of environmental structure. 

People may also rely on a more complex, state-conditional predictive learning 
mechanism that supports the explicit forecasting of specific, upcoming experiences (Kahn et 
al., 2024). In contrast to simpler, recency-based learning, this more complex form of learning 
tracks dependencies between states, incrementally building up an abstracted world model of 
their temporal relations — or a ‘successor representation’ (SR) (Garvert et al., 2017; Kahn & 
Daw, 2025; Momennejad et al., 2017; Russek et al., 2021; Stachenfeld et al., 2017) — that can 
be used to predict future experiences. Evidence from a recent study (Kahn et al., 2024) 
suggests that adults track these dependencies by maintaining decaying “eligibility traces” of 
the states they encounter, and incrementally update their beliefs about the future stimuli they 
lead to over multiple time steps. The maintenance of these traces enables each past state to be 
associated with, and able to trigger prediction of, each, specific, future state that is later 
encountered, enabling the learner to form state-specific expectations that span long temporal 
gaps. As with recency-based learning, state-conditional learning can be harnessed to parse 
continuous streams of experiences into more discrete temporal contexts, with unexpected 
states signaling contextual shifts. However, the learned SR can also, in theory, be accessed 
offline when knowledge of environmental structure is probed or required for inference or 
choice. 

Here, we sought to examine whether age-related shifts in the underlying mechanisms 
that govern how individuals parse their experiences lead to developmental differences in 
representations of complex environmental structure. We were interested in how two aspects of 
learning changed with age. Given past findings that suggest that children derive weaker 
knowledge of complex environmental structure through experience (Pudhiyidath et al., 2020), 
our primary aim was to test the hypothesis that to make sense of dynamic streams of 
perceptual input, they may rely on simpler, recency-based predictive learning mechanisms that 
circumvent the need for a full representation of the relations between stimuli. With increasing 
age, people may rely on a more complex, state-conditional predictive learning mechanism, 
which supports the acquisition of explicit, structured knowledge of the environment. As a 
secondary, more exploratory aim, we also sought to examine how the timescales over which 
people predict the future vary across development. We hypothesized that children may build 
expectations about more immediate future events, with predictions increasingly spanning 
longer temporal horizons into adolescence and adulthood.  

To test these hypotheses, we had a large sample of children, adolescents, and adults 
complete a modified version of a community-structure learning paradigm that has been used in 
prior work (Karuza et al., 2017; Pudhiyidath et al., 2020; Schapiro et al., 2013). In contrast to a 
prior developmental study using this task (Pudhiyidath et al., 2020), here, we solicited trial-wise 
responses during the initial, structure-learning phase, enabling us to exploit a novel, 
computational model recently used to characterize adult response times in these types of 
learning tasks (Kahn et al., 2024). The model provides an algorithmic account of how 
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recency-based and state-conditional predictive learning mechanisms influence participants’ 
expectations about upcoming stimuli. In line with our primary hypothesis, we found evidence 
that state-conditional predictive learning increased with age and related to explicit knowledge 
acquisition. We did not find evidence for developmental changes in the temporal horizons over 
which participants formed predictions. By computationally characterizing the dynamics of the 
learning process, we gained insight into how latent predictive learning mechanisms change 
with age and shape structured representations of continuous experience. 

Methods 

Participants 

One hundred and ten participants between the ages of 8 and 22 years completed the 
experiment online, remotely and asynchronously, and were included in the analyses. An 
additional 45 participants completed the experiment but were excluded from all analyses based 
on a priori defined exclusion criteria, which included: a) interacting with their browser window 
more than 20 times (n = 7), b) failing to respond on more than 20% learning trials (n = 14;  see 
‘task’ below), c) responding inaccurately on more than 25% of learning trials (n = 23), and d) 
responding in under 200 ms on more than 20% of learning trials (n = 1). 

As with our previous online studies (Nussenbaum et al., 2020, 2022), participants were 
recruited via ads on social media (Facebook and Instagram), as well as through word-of-mouth 
and events around New York City. Prior to entering our database and being invited to complete 
the study, participants completed a 5-minute Zoom call with a researcher to verify their 
identities. During this call, participants, or a parent or guardian (for participants under 18 years 
old), were required to show a photo ID on camera, and verify their full name and date of birth 
(or those of their children).  

The 110 participants included in the final sample comprised n = 27 children (ages 8.2 - 
12.5 years, 11 female, 16 male), n = 37 adolescents (ages 13.0 - 17.9, 18 female, 19 male), and  
n = 46 adults (ages 18.4 - 22.7 years, 25 female, 19 male, 2 other). According to self- or 
parental report, 38% of participants were White, 30% were Asian, 17% were Black, and 15% 
were two or more races. In addition, 17% of participants were Hispanic. All participants resided 
in the United States at the time of study participation. Of the 110 included participants, 93 
reported their annual household income. Of these 93 participants, the annual household 
income distribution was as follows: < $20k: 12%,  $20 - $40k: 14%, $40 - $60k: 14%, 
$60-$80k: 14%, $80 - $100k: 14%, $100 - $200k: 22%, $200 - $300k: 5%, $300 - $400k: 2%, 
> $500k: 2%. For child and adolescent participants, we collected information about the highest 
education level attained by one parent or guardian: 2% of minor participants had a parent or 
guardian with no formal educational qualifications, 2% reported receiving a GED, 17% reported 
receiving a high school diploma, 5% reported receiving a degree from a technical or 
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community college, 39% reported receiving a degree from a four-year college, 23% reported 
receiving a masters degree, and 13% reported receiving a doctorate.  

Graph-learning task 
 

 
 
Figure 1. Task structure. (A) Unbeknownst to participants, the sequence of planets that they observed in the learning 
and parsing tasks had a higher-order temporal structure. All planets had an equal probability of transitioning to one of 
four other neighboring planets (illustrated by the thin gray lines). However, the planets were clustered into three 
densely interconnected “communities,” illustrated by the colored circles, such that each planet would often be 
preceded and succeeded by other, within-community planets. (B) In the learning phase of the task, participants 
viewed a sequence of planets determined by a random walk along the planet graph (depicted in A). On every trial, a 
vertical or horizontal gabor patch (randomly determined) was overlaid on each planet, and participants had 1.25 
seconds to classify the planet’s “wind direction” by pressing ‘F’ or ‘J’. Participants completed 600 learning trials. (C) In 
the parsing phase, participants also viewed a sequence of planets determined by a random walk along the planet 
graph. Here, they had 1.25 seconds to press the spacebar if they believed they had entered a new “galaxy.” Colored 
boxes are for visualization purposes only; the true planet community was not signalled to participants. (D) In the final, 
graph reconstruction task, participants saw all 15 planets placed in random locations on the screen. They had as 
much time as they wanted to click and drag the planets to rearrange them into a map, placing planets that they 
believed had occurred close together in time near each other in space.  
 

The graph-learning task was based on those used in previous studies (Pudhiyidath et 
al., 2020; Schapiro et al., 2013) and comprised three distinct phases: learning, parsing, and 
graph reconstruction. The task was framed within a child-friendly narrative: Participants were 
told that they were scientists on board a space shuttle, whose job was to learn about 15 
different, visually distinct planets.  

In the learning phase of the task, participants viewed a sequence of planets. 
Unbeknownst to participants, the sequence of planets had a higher-order temporal structure. 
Specifically, the sequence they observed was a random walk along a community graph 
structure ((Schapiro et al., 2013), Figure 1A). As in prior work, the graph structure was designed 
such that each planet had an equal chance of transitioning to four other neighboring planets. 
However, the planets were arranged in three distinct, highly interconnected ‘communities’ or 
clusters. This graph structure meant that, despite uniform, single-step transition probabilities, 
planets would most often be preceded and succeeded by other planets within the same 
cluster.  

During learning (Figure 1B), participants completed a cover task that ensured they 
attended and responded to the planets. Specifically, the planets were overlaid with subtle, 
shaded gabor patches that were oriented vertically or horizontally. Participants were told that 
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their job as a space scientist was to classify the direction of the wind on each planet, by 
pressing one of two keys, based on the gabor patch’s orientation. Each planet remained on the 
screen for 1.25 seconds, during which participants were able to respond. They did not receive 
feedback after each trial, but were told that they would earn a bonus payment depending on 
their number of correct responses. Participants completed two blocks of 300 learning trials, for 
a total of 600 trials. The specific planet images assigned to each location in the graph were 
randomized for each participant, and the direction of the gabor patch was randomized on every 
trial. 

In the parsing phase of the task (Figure 1C), participants once again saw a sequence of 
planets determined by a random walk along the same community graph structure. Here, they 
were told that the planets they previously saw were actually from different galaxies. During 
parsing, they were tasked with pressing the space bar whenever they thought they had traveled 
to a different galaxy. No gabor patches were overlaid on the planets; participants were told the 
winds had calmed. Here, participants similarly viewed each planet for 1.25 seconds, during 
which time they could make a response. Participants completed four blocks of 150 parsing 
trials, for a total of 600 trials. 

Finally, in the graph reconstruction phase (Figure 1D), participants were tasked with 
explicitly mapping out how they believed the planets were spread out across the universe. 
Participants were told that planets they saw next to each other during their ‘space missions’ 
were close together in the universe, and those that were not seen next to each other were 
further apart. Participants saw a screen with all 15 planets in random locations, and could click 
and drag on each planet to place it. Participants had unlimited time to arrange the planets on 
the screen, after which they could press a button to submit their map. 

Prior to completing the experiment, participants completed an extensive, interactive 
tutorial which included child-friendly instructions that were both presented in text and read 
aloud. Participants were unable to advance past each instruction screen until the audio track 
had finished playing. Before the learning and parsing phases of the task, participants also had 
to answer true / false comprehension questions, which repeated until they were answered 
correctly. To learn the task mechanics, participants also completed a short practice block of 
the task’s learning phase, with unique practice stimuli.    

Analysis approach 

Treatment of age 

Age was treated as a continuous variable in all analyses. For visualization purposes 
only, participants were divided into three categorical age groups: Children (ages 8 - 12 years), 
Adolescents (ages 13 - 17 years), and Adults (ages 18 - 22 years). 
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Mixed-effects models 

 We used the ‘afex’ package for R (Singmann et al., 2020) to fit mixed-effects models to 
our data. All continuous predictor variables were z-scored prior to their inclusion in the models. 
Models included random intercepts for each participant and random slopes across fixed effects 
and their interactions (when possible) for each participant. When possible, models also 
included random intercepts for each planet stimulus, though we pruned planet random 
intercepts when models failed to converge. We include the full specification for and results from 
each model in the Supporting Information. For linear mixed-effects models, we assessed the 
significance of fixed effects with F tests using the Satterthwaite approximation to estimate the 
degrees of freedom. For logistic mixed-effects models, we assessed the significance of fixed 
effects with likelihood ratio tests.  
 For our analysis of participants’ response times during learning, we excluded trials with 
inaccurate responses, as well as those with responses that were faster than 200 ms. Response 
times were log-transformed. For our analysis of participants’ parsing responses, we excluded 
trials with responses that were faster than 200 ms.  

Mediation analysis 

Our mediation analysis was conducted with the “mediation” R package (Tingley et al., 
2014), and significance of the mediation effects was assessed via 10,000 bootstrapped 
samples.  

Computational model 

 To characterize the dynamics of participants’ learning, we fit participants’ response 
times (RTs) from the learning task with a computational model introduced in a recent adult 
paper (Kahn et al., 2024). Within the computational model, stronger expectations that a planet 
is likely to appear facilitate faster response times to the gabor patch tilt. Specifically,  the model 
assumes that on every trial, a participant’s response time ( ) is drawn from a log-normal 𝑟𝑡

𝑡

distribution with mean  and variance , such that: µ
𝑡

σ2

 

  𝑙𝑜𝑔(𝑟𝑡
𝑡
 −  𝑠ℎ𝑖𝑓𝑡) ~ 𝑁(µ

𝑡
,  σ2)

 
where  reflects the minimum possible RT predicted by the model (fit as a fraction between 𝑠ℎ𝑖𝑓𝑡
0 and 1 of each subject’s minimum RT), and  is a predicted value for trial t, that depends on µ

𝑡

learned expectations. When the model more strongly expects a particular planet stimulus,  µ
𝑡

decreases, leading the model to predict faster RTs for more strongly expected stimuli. 
 The model dynamically learns to ‘expect’ particular planets based on experience. 
Critically, the model learns via two different mechanisms: A recency-based learning 
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mechanism, and a more complex, state-conditional, ‘successor-representation-based’ learning 
mechanism.   

Recency-based learning mechanism 

In the recency-based learning algorithm, response times are a function of individual 
stimulus expectancies, such that  is defined as: µ

𝑡

 
 µ

𝑡
 = β

𝑅
𝑊[𝑠

𝑡
]  

 
where  is an inverse temperature parameter that reflects the strength with which the β

𝑅

recency-weighted expectation term influences RTs and  is the recency-weighted 𝑊[𝑠
𝑡
]

expectation of the upcoming stimulus.  is initialized at 1/15, reflecting equal beliefs about 𝑊[𝑠
𝑡
]

encountering every stimulus before any learning has taken place. On every trial,  is 𝑊[𝑠
𝑡
]

updated such that: 
 

  𝑊[𝑠
𝑡
] ←  (1 −  α

𝑅
)𝑊

𝑡
 +  α

𝑅
𝐼(𝑠

𝑡
) 

 
where  is a learning rate, and  is 1 for the stimulus that was experienced on that trial ( ) and α

𝑅
𝐼 𝑠

𝑡

0 otherwise. The recency-based model thus maintains expectations about how likely each of 
the 15 unique stimuli are to appear on any given trial, increasing such expectations each time a 
particular stimulus is encountered. The learning rate parameter controls the timescale of 
predictions — high learning rates will strongly increase the expectancy weight on the most 
recently experienced stimulus, reducing the relative expectation for encountering stimuli that 
appeared in the more distant past. 

State-conditional learning mechanism 

In the state-conditional learning algorithm, response times are a function of individual 
stimulus expectancies conditional on the previously experienced stimulus. The 
state-conditional model learns these expectancies via a temporal difference  update rule. λ
Here,  is defined as: µ

𝑡

 
 µ

𝑡
  =  β

𝐶
𝑀[𝑠

𝑡−1, 
 𝑠

𝑡
] 

 
where  is an inverse temperature parameter that reflects the strength with which expectations β

𝐶

derived from the learned successor representation (SR) influences RTs and ] is the 𝑀[𝑠
𝑡−1, 

 𝑠
𝑡

entry in the learned 15 x 15 SR matrix (M) that reflects the likelihood of transitioning from  𝑠
𝑡−1 

 

8 



 

to . M was initialized to  for a uniform transition matrix, T, and is updated on  𝑠
𝑡

(𝐼 − γ𝑇)−1 *  𝑇

every trial such that: 
 

 𝑒[𝑠
𝑡−1

] ← (1 − α
𝐶
)𝑒[𝑠

𝑡−1
] +  1 

 
 δ =  𝐼[𝑠

𝑡
] +  γ𝑀[𝑠

𝑡 
,  :] −  𝑀[𝑠

𝑡−1
,  :]

 
  𝑓𝑜𝑟 𝑠' 𝑖𝑛 1: 15;   𝑀[𝑠',  :] ← 𝑀[𝑠',  :] +  α

𝐶
𝑒[𝑠']δ

 
 𝑒 ← γλ𝑒

 
Here, e is a vector of “eligibility traces” that permits learning over delays (implemented as a 
Dutch trace (van Seijen et al., 2015)) and  is a learning rate parameter that determines how α

𝐶

much the eligibility trace is updated after each stimulus encounter. On every trial,  reflects the δ
difference between the experienced stimulus encounter and the previous trial’s expectancies of 
future stimuli ( ). Importantly, here, the ‘experienced’ stimulus encounter takes into 𝑀[𝑠

𝑡−1
,  :]

account not only the trial’s stimulus , but also the temporally discounted subsequent ( 𝐼[𝑠
𝑡
] )

stimulus encounters , which are approximated by the model estimate (γ𝐼[𝑠
𝑡+1

], γ2𝐼[𝑠
𝑡+2

], 𝑒𝑡𝑐)

conditional on the trial’s stimulus ( )), a process known as bootstrapping. For each of γ𝑀[𝑠
𝑡
,  :]

the 15 stimuli, expectations about future stimulus encounters are then updated based on the 
product of this difference and its eligibility (scaled by a learning rate). Finally, on every trial, 
eligibility traces are updated based on  a trace parameter that determines the rate at which λ,
the eligibility of a particular stimulus to predict an upcoming stimulus decays, and , a discount γ
factor that determines the rate at which predictions decay, and therefore, the temporal horizon 
over which future stimuli are predicted.  

Hybrid model 

Finally, the full hybrid model combines expectations computed by both the 
recency-based and state-conditional learning algorithms, while controlling for the effects of 
additional task variables, such that: 
 

 µ
𝑡
 = µ

0 
+  β

𝑅
𝑊[𝑠

𝑡
] + β

𝐶
𝑀[𝑠

𝑡−1, 
 𝑠

𝑡
] +  β

𝑡𝑟𝑖𝑎𝑙
𝑡 +  β

𝑠𝑡𝑖𝑚𝑢𝑙𝑢𝑠
𝑠 +  β

𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒
𝑟 

 
where reflects baseline RTs,  accounts for changes in RTs across trials,  (where µ

0 
β

𝑡𝑟𝑖𝑎𝑙
𝑡 β

𝑠𝑡𝑖𝑚𝑢𝑙𝑢𝑠
𝑠

s is a vector of dummy variables for stimulus identity and  a vector of coefficients) β
𝑠𝑡𝑖𝑚𝑢𝑙𝑢𝑠
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accounts for differences in RTs across the 15 planet stimuli, and  accounts for β
𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒

𝑟

differences in RTs across button responses corresponding to horizontal and vertical wind 
directions. 

Model-fitting methods 

Individual subject parameters were estimated using an expectation-maximization 
algorithm (Huys et al., 2011) implemented in Julia. Subject-level parameters were modeled as 
arising from population-level Gaussian distributions over subjects, where each Gaussian 
distribution was parameterized by its mean and variance. To estimate developmental 
differences in parameters, we also included an age covariate, which allowed the 
population-level mean to vary linearly with age.  

Results 

Age-related changes in learning dynamics 

 We first examined whether participants’ response times during the initial, learning phase 
of the task showed evidence of multi-step predictive learning, by examining their sensitivity to 
both planet recency and the planets’ higher-order temporal structure. Though the gabor patch 
tilts were randomized on every trial and therefore unpredictable, we hypothesized that 
participants’ expectations of particular planet stimuli would facilitate perception of the overlaid 
gabor patches and lead to faster responses. Therefore, we expected that participants would 
make faster responses both when they had encountered the same planet more recently, as well 
as when they transitioned from one planet to another within-community planet versus when 
they transitioned between communities. To test this hypothesis, we ran a linear mixed-effects 
model estimating the effects of age, trial, trials since the last same-planet encounter (planet 
lag), transition type, and their interactions on participants’ log-transformed response times. To 
control for potential differences in the ease of the two motor responses, we further included 
wind direction as a predictor. Log response times decreased as a function of age, 

and trial number β =−. 05,  𝑆𝐸 =  . 01,  𝐹(1,  110) =  23. 2,  𝑝 <  . 001,  
and were faster for horizontal β =−. 01,  𝑆𝐸 =  . 002,  𝐹(1,  180) =  20. 8,  𝑝 <  . 001,  

(right-button) versus vertical (left-button) gabor patches, 
. In addition, participants were β =. 006,  𝑆𝐸 =  . 002,  𝐹(1, 108) =  13. 1,  𝑝 <  . 001

significantly slower to respond when the lag between the last same-planet encounter was 
greater (Figure 2A), , which suggests that β =  . 009,  𝑆𝐸 =  . 002,  𝐹(1, 671) =  32. 1,  𝑝 <  . 001
they may have engaged in recency-based predictive learning. In contrast to our initial 
hypothesis, we did not observe a main effect of transition type on response times, 

. However, we did observe a transition β =  −. 002,  𝑆𝐸 =  . 002,  𝐹(1,  116) =  1. 4,  𝑝 =  . 234
type x trial interaction effect, , such β =  −. 005,  𝑆𝐸 =  . 001,  𝐹(1,  42519) =  13. 5,  𝑝 <  . 001
that over the course of the task, participants’ response times decreased to a greater extent for 
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planets following between- versus within-community transitions (Figure 2B). Finally, we 
observed a marginal transition type x planet lag interaction, 

, such that participants demonstrated a β =  . 003,  𝑆𝐸 =  . 001,  𝐹(1,  53082) =  3. 6,  𝑝 =  . 057
stronger effect of planet lag after between- versus within-community transitions. We did not 
observe any other significant effects (ps > .28).  
 Taken together, these results indicate that across age, participants made predictions 
about upcoming planets based on the recency with which they had encountered them. This 
planet recency effect inherently implies that participants treat between- versus 
within-community transitions differently — when participants spend time within a community, 
they encounter the same stimuli repeatedly, leading to shorter planet lags, whereas when they 
transition between communities, they typically encounter a planet they have not encountered in 
the recent past. The transition effects in the model thus capture any additional influence of 
higher-order structure that are not already captured by planet lag. Though we did not observe a 
main effect of transition type, participants’ different response time trajectories for between- 
versus within-community transitions across trials suggest that participants may have gradually 
acquired sensitivity to the planets’ structure over the course of the experiment, perhaps via a 
separate predictive learning process. However, this simple regression model uses a rough 
proxy for recency (trials since the last same-planet encounter), and therefore cannot provide an  
algorithmic account of how expectations are learned and updated based on the specific 
sequence of planets participants experienced across trials. Therefore, to better characterize 
participants’ trial-by-trial updating of planet expectations, we fit our data with a computational 
model that was developed to explain adult behavior across similar graph-learning tasks (Kahn 
et al., 2024).  
 

 
 
Figure 2. (A) Participants responded faster to planets that they had encountered more recently (p < .001), an effect 
that was marginally more pronounced following between-community transitions (p = .057). (B) Participants’ response 
times decreased over the course of the task (p < .001), particularly following between-community transitions (p < 
.001). Plots show marginal effects from the mixed-effects regression model, with the shaded region representing 95% 
confidence intervals. (C) Evidence for use of the recency-based learning mechanism did not vary significantly with 
age (p = .497), (D) whereas evidence for use of the state-conditional learning mechanism (more negative  values) β

𝐶

increased across development (p = .042). Points reflect fitted parameters estimated for each participant via a 
hierarchical model. The line reflects the best-fitting linear trend line through the points, with the shaded region 
reflecting 95% confidence intervals.  
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Briefly, within the computational model, stronger expectations that a planet is likely to 
appear facilitate faster response times. As described in detail in our methods section, the 
model assumes that participants update their expectations for which planet is likely to appear 
on any given trial via two learning mechanisms: simpler, recency-based learning of planet 
probabilities and more complex learning of a ‘successor representation (SR)’ — a world model 
of temporally discounted predictions of which planets are likely to succeed other planets. The 
recency-based learning mechanism simply increases the model’s expectancy of a particular 
planet each time that planet is encountered. The nature of the update rule means that the 
model more strongly ‘expects’ to encounter planets that it has more recently encountered in 
the past. In contrast, rather than learning simple, global planet expectancies (i.e., a single 
vector of planet probabilities), the more complex SR-learning mechanism learns conditional 
planet predictions that depend on the last encountered planet (i.e., a full 15 x 15 matrix of 
transition probabilities). It accomplishes this via temporal-difference (TD( )) learning — the λ
model maintains a decaying eligibility trace for each visited planet, which controls the extent to 
which its ‘successor’ predictions are updated after visits to future planets, even multiple steps 
in the future. Within the model, the recency-based learning mechanism and the more complex, 
state-conditional SR-learning mechanism are weighted by free parameters ( ) fit to each β

𝑅
,  β

𝐶

participant, to determine the overall expectancies for each planet. In addition, both 
mechanisms account for individual differences in different aspects of learning affecting the 
timescales over which participants form and make predictions — the recency-based model 
includes a learning rate parameter that reflects how much the participant’s most recent 
experience (versus more distant, past experiences) shapes their expectations, while the 
state-conditional model includes a discount parameter, which reflects how much predictions 
wane over long temporal distances. 

In line with the prior adult study (Kahn et al., 2024), parameter estimation revealed that 
both  and  significantly differed from 0 (β

𝑅
 β

𝐶

; see 𝑚𝑒𝑎𝑛 β
𝑅

=−. 16,  𝑆𝐸 =  . 02,  𝑝 <  . 001;  𝑚𝑒𝑎𝑛 β
𝐶

=− 3. 80,  𝑆𝐸 =  . 49,  𝑝 <  . 001)

Supporting Information for full model results) meaning both forms of learning contributed to 
participants’ expectations about which planets were likely to appear, as evidenced by the 
speed with which they responded to them. We did not observe a significant effect of age on  β

𝑅

, indicating that we did not find evidence for age-related (β
𝑎𝑔𝑒

=. 005,  𝑆𝐸 =  . 007,  𝑝 =  . 497)

changes in sensitivity to planet recency (Figure 2C). Interestingly, however,  significantly β
𝐶

decreased as a function of age , indicating that the (β
𝑎𝑔𝑒

=−. 226,  𝑆𝐸 =  . 111,  𝑝 =  . 042)

state-conditional, SR-based learning mechanism more strongly influenced RTs in older 
participants (Figure 2D). Thus, results from the model suggest that recency-based prediction 
similarly influenced planet expectations across development, but with increasing age, 
participants’ predictions were increasingly shaped by the multi-step, conditional relations 
between stimuli. In line with our regression results, we additionally observed age-related shifts 
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in participants’ mean response time parameter,  ),  µ
0

(β
𝑎𝑔𝑒

=−. 039,  𝑆𝐸 =  . 008,  𝑝 <  . 001

 parameter ) and  parameter 𝑠ℎ𝑖𝑓𝑡  (β
𝑎𝑔𝑒

=. 209,  𝑆𝐸 =  . 025,  𝑝 <  . 001 σ

), reflecting slower though less variable RTs in younger (β
𝑎𝑔𝑒

=. 022,  𝑆𝐸 =  . 005,  𝑝 <  . 001

participants.  
The computational model can also provide insight into whether the timescales over 

which participants predict future events changed systematically with age. Recency-based 
planet predictions are updated on every planet encounter based on a learning rate ( ), which α

𝑅

determines the extent to which the most recent planet — versus a longer history of planet 
encounters — influences each participant’s expectations. Initially, we hypothesized that 
younger participants may demonstrate higher learning rates, such that their predictions are 
shaped by the more recent past. However, in contrast to our initial hypothesis, we did not 
observe evidence for significant age-related change in  α

𝑅
(β

𝑎𝑔𝑒
=. 024,  𝑆𝐸 =  . 025,  𝑝 =  . 341

). The timescale of state-conditional planet predictions are reflected in a different model 
parameter — the temporal discount parameter . Higher  values reflect reduced temporal γ γ
discounting, meaning that predictions of upcoming experiences extend further into the future. 
As such, we expected  to increase with age. However, we did not observe significant γ
age-related change in  ), though the marginal relation was γ (β

𝑎𝑔𝑒
=. 060,  𝑆𝐸 =  . 032,  𝑝 =  . 058

in the hypothesized direction. Thus, overall, we observed evidence for age-related change in 
the engagement of different predictive learning mechanisms, but cannot draw any conclusions 
about age-related change in the temporal distance over which participants formed predictions. 

Finally, we also examined whether the eligibility trace parameter, , changed with age. λ
Higher  values reflect eligibility traces that decay more slowly, such that experiences further in λ
the past are assigned greater ‘credit’ for predicting future events. Here too, however, we did 
not observe evidence for age-related change ). (β

𝑎𝑔𝑒
=. 017,  𝑆𝐸 =  . 048,  𝑝 =  . 733

Structured knowledge acquisition improves across development 

 We next asked whether, in accordance with prior work (Pudhiyidath et al., 2020), there 
were age-related changes in participants’ more explicit representations of the underlying 
temporal structure of the planets. To do so, we first examined behavior in the parsing task, in 
which participants responded every time they believed they encountered a planet from a 
different ‘galaxy.’ If participants learned the community structure of the graph, then they should 
be more likely to make a parsing response after transitioning to a planet from a different 
community versus after transitioning to a different, within-community planet. To test whether 
participants showed evidence of structured knowledge acquisition, we ran a logistic 
mixed-effects model estimating the effects of age, trial, transition type, and their interactions on 
participants’ parsing responses. Participants’ parsing responses did indeed reflect the graph’s 
community structure — they were more likely to respond when transitioning between versus 

within communities, . In addition, this effect grew β =. 24,  𝑆𝐸 =  . 04,  χ2(1) =  36. 5,  𝑝 <  . 001
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stronger with age, , such that older participants’ β =. 12,  𝑆𝐸 =  . 04,  χ2(1) =  9. 9,  𝑝 =  . 002
parsing responses best reflected the task’s underlying structure (Figure 3A). Participants were 
also increasingly likely to parse earlier on in the task, 

, and younger participants made more parsing β =−. 07,  𝑆𝐸 =  . 04,  χ2(1) =  3. 9,  𝑝 =  . 05

responses than older participants, .  β =−. 40,  𝑆𝐸 =  . 12,  χ2(1) =  10. 9,  𝑝 <  . 001
 The sensitivity of participants’ parsing responses to between-community versus 
within-community transitions could reflect acquired knowledge of the graph structure, derived 
from SR-based learning, or as was the case in the task’s initial learning phase, could reflect 
“online” recency-based expectations. Here, large trial lags between same-planet encounters 
could signal to participants that they were in a new galaxy, eliciting parsing responses, even in 
the absence of any explicit knowledge of the transition probabilities between planets. To 
characterize the contributions of recency-based expectations to parsing, we added the planet 
lag term as an interacting predictor to our parsing model.  We observed a main effect of planet 

lag, , such that participants were more likely to β =. 17,  𝑆𝐸 =  . 02,  χ2(1) =  44. 8,  𝑝 <  . 001
parse when encountering planets that they had not encountered in the recent past. In line with 
results from our computational model, this term did not interact with age (p = .629). 
Importantly, however, even when including this term, we continued to observe a main effect of 

transition type on parsing responses, . We also β =. 19,  𝑆𝐸 =  . 04,  χ2(1) =  24. 5,  𝑝 <  . 001
continued to observe a transition type x age interaction, such that older participants’ parsing 

responses better reflected the task’s structure, , β =. 11,  𝑆𝐸 =  . 04,  χ2(1) =  9. 5,  𝑝 =  . 002
even when controlling for planet lag. While the planet lag term only accounts for a linear effect 
of a relatively simple proxy for recency, these findings align with those from our computational 
model, which suggest that increasingly with age, participants may have acquired explicit, 
structured knowledge about the conditional, temporal relations between planets, and used 
such knowledge to guide their parsing responses.  
 Participants’ acquisition of structured knowledge was also reflected in their final, graph 
reconstruction behavior. For each participant, we computed two distance metrics: the average, 
pairwise Euclidean distance (in pixels) between all within-community planets (e.g., planet A1 
vs. planet A2, A3, A4, etc.), and the average, pairwise distance between all 
between-community planets (e.g., planet A1 vs. planet B1, B2, C1, etc.). Here, we expected 
knowledge acquisition to be reflected in greater distance between planets from different 
communities versus planets from the same community. A linear mixed-effects model 
estimating the effects of age, distance type, and their interaction on mean placement distance 
revealed that participants did indeed place within-community planets closer together, 

 (Figure 3B). We did not observe a β = 39. 0,  𝑆𝐸 =  6. 0,  𝐹(1,  108) =  42. 3,  𝑝 <  . 001
significant effect of age or a distance type x age interaction (ps > .18) on distance. 

Taken together, results from the parsing and graph reconstruction tasks indicate that 
through learning, participants acquired explicit representations of the graph’s structure. Results 

14 



 

from the parsing task further suggest that, in line with prior work (Pudhiyidath et al., 2020), the 
strength of these structured representations increased from childhood to early adulthood. 
 

 
Figure 3. Participants’ parsing responses (A) and graph reconstruction behavior (B) indicate that they incidentally 
acquired knowledge of the planets’ community structure during learning. During parsing, participants were more likely 
to indicate that planets from different communities were from different ‘galaxies’ (p < .001). With increasing age, 
participants’ parsing responses increasingly reflected the graph’s community structure (p = .02). In the 
graph-reconstruction task, when reconstructing the spatial arrangement of the planets, participants placed those from 
the same community closer to one another (p < .001). Colored points on the plots indicate individual participant 
means, while black points show age group averages. Error bars reflect standard errors across participant means.  
 

Learning dynamics influence structured knowledge  

 Participants’ increasing reliance on a state-conditional, SR-based learning mechanism 
across development may provide an account of why explicit knowledge of task structure 
improved with age. Within the learning model, the recency-based learning mechanism captures 
only the statistics of recent experience — the representation that it learns is dependent on the 
current temporal context, and does not reflect the underlying community structure of the graph. 
The SR-based learning mechanism, however, maintains and updates a matrix that captures the 
transitions between all the planets, thereby containing the necessary information to reconstruct 
the graph’s community structure. Thus, it may be the case that the acquisition of this transition 
matrix during learning facilitated participants’ more explicit reports of community boundaries 
during parsing and their ability to cluster within-community planets closer together during 
graph reconstruction. To test this possibility, we examined how each participant’s 
state-conditional learning weight, as indexed by their fitted  parameter from the initial β

𝐶

structure-learning phase of the task, related to indices of explicit knowledge derived from the 
graph reconstruction and parsing tasks.  

For both the graph reconstruction and parsing tasks, we computed a difference score 
for each participant, reflecting, respectively, the difference in mean placement distance and the 
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difference in the proportion of trials on which a parsing response was made, for between- 
versus within-community planets. To examine whether the extent to which participants 
engaged in stimulus-conditional predictive learning shaped their explicit knowledge, we ran 
linear regressions examining how difference scores varied as a function of  , age, and their β

𝐶

interaction. Here, we found that  predicted difference scores derived from both task phases. β
𝐶

In the graph reconstruction task, participants with more negative  values demonstrated β
𝐶

bigger differences in mean placement distances for between- versus within-community planets 
; Figure 4A). In the parsing task, participants (β =− 37. 5,  𝑆𝐸 =  14. 5,  𝑡 =  − 2. 6,  𝑝 =  . 011

with more negative  values demonstrated bigger differences in their proportion of parsing β
𝐶

responses for between- versus within-community planets 
; Figure 4B). Together, these results indicate (β =−. 03,  𝑆𝐸 =  . 01,  𝑡 =  − 2. 1,  𝑝 =  . 043

that, in line with our prediction, participants’ explicit task knowledge varied depending on their 
learning dynamics — participants who demonstrated greater evidence of SR-based learning on 
their RTs during the initial, learning task also reported relative planet locations and boundaries 
between planet clusters that more closely recapitulated the graph’s true, underlying structure. 

 

 
Figure 4. Participants’ whose learning dynamics showed greater evidence of the SR-based learning mechanism 
(more negative  values) demonstrated a stronger influence of the graph’s community structure on their (A) graph β

𝐶

reconstruction (p = .011) and (B) parsing (p = .043) behaviors. Points on the plots show individual participant means. 
Lines indicate the best-fitting linear trendlines, and the shaded regions represent 95% confidence intervals. (C)  β

𝐶

mediated the relation between age and parsing difference scores (*** p < .001; ** p < .01; * p < .05).  
 
 

Interestingly, in our parsing difference model, we also observed that the inclusion of  β
𝐶

as a predictor attenuated the effect of age on parsing differences, such that it was no longer 
significant (p = .122). We thus ran a formal mediation analysis to determine whether  β

𝐶

mediated the relation between age and parsing behavior. Here, we found that  mediated the β
𝐶

effect of age on parsing difference scores (Figure 4C). The standardized indirect effect was .09 
(95% confidence interval: [.01, .19]; p = .038) and the standardized direct effect was .18 (95% 
CI = [-.02, .37], p = .078). This finding suggests that age-related variance in the initial 
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structure-learning process may explain age-related variance in explicit knowledge acquisition 
— as participants increasingly used more sophisticated learning algorithms to track the 
statistics of the environment, they became more aware of and better able to retroactively report 
its underlying structure.  
 Finally, we wanted to confirm that these results were specific to the SR-based learning 
mechanism, and not simply reflective of overall engagement during learning. Each participant’s 
recency-based learning weight ( ) also captured their sensitivity to the environment’s β

𝑅

statistics, and therefore may provide an index of their attention to the planets during learning. 
However, we did not expect this weight to relate to their structured task knowledge. To test 
this, we re-ran our graph reconstruction and parsing regression models but included  in place β

𝑅

of . Here, we did not observe evidence for relations between learning weights and explicit β
𝐶

knowledge: In our graph reconstruction model, we did not observe a significant effect of  on β
𝑅

the difference in placement distances ( , and in our parsing model we did not observe 𝑝 =  . 15)
a significant effect of  on the difference in parsing proportions (  . Thus, these β

𝑅
𝑝 =  . 408)

findings suggest that, in line with our initial hypothesis, the relations we observed between 
learning and explicit knowledge were specific to the state-conditional, SR-based learning 
algorithm, which proposes a mechanistic account of how such explicit knowledge is 
constructed through experience. 

Discussion 
 The acquisition of knowledge of the statistical structure of the environment underpins 
many essential cognitive capacities, including reasoning, inference, and decision-making (Kahn 
& Daw, 2025; Momennejad et al., 2017; Morton et al., 2020; Pudhiyidath et al., 2022). However, 
while children and adults are equally adept statistical learners in many contexts (Forest et al., 
2023), recent evidence suggests that in more complex task environments, the knowledge that 
individuals implicitly extract from their experiences exhibits pronounced developmental 
changes (Finn et al., 2018; Potter et al., 2017; Pudhiyidath et al., 2020; Qu et al., 2024). Here, 
we used a community-structure learning task coupled with a novel computational model (Kahn 
et al., 2024) to gain insight into why the structured representations that people form during 
learning vary across development. We found that across age, people form expectancies about 
future experiences over multiple timescales, but they do so using different predictive learning 
mechanisms. Younger children primarily rely on recency-based prediction, which enables 
online segmentation of continuous streams of perceptual input. However, this form of learning 
does not build up a representation of the temporal dependencies between different 
experiences. With increasing age, people demonstrated greater evidence for reliance on a 
state-conditional, SR-based learning algorithm, in which they predicted upcoming experiences 
by tracking the likelihood of encountering future stimuli based on each specific stimulus they 
encountered in the past. We further found that reliance on the state-conditional learning 
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algorithm predicted participants’ acquisition of explicit knowledge of the structure of the 
environment, providing an account for why the explicit representations that children, 
adolescents, and adults derive from the same experiences may differ. 
 Across age, participants demonstrated evidence of acquiring knowledge of the 
structure of their environment — in the graph reconstruction task, children, adolescents, and 
adults all placed within-community planets closer together than between-community planets, 
and in the parsing task, they were all more likely to indicate that between-community planets 
were from separate ‘galaxies.’ In both graph reconstruction and parsing, however, we observed 
strong relations between behavior and participants’ reliance on the state-conditional learning 
mechanism, suggesting that these results at younger ages may have been driven by 
participants with more “mature” learning strategies.  
 Here, based on the findings from a prior adult study (Kahn et al., 2024), we fit a specific 
SR-based learning model that proposes that participants learn to track relations between 
stimuli in the environment via an eligibility trace mechanism. In particular, the model posits that 
each time a stimulus is encountered, it becomes “eligible” for predicting upcoming stimuli, with 
the strength of its eligibility decaying across trials. This means that stimuli will be assigned the 
most predictive “credit” for future stimuli that are encountered in closest temporal proximity. 
Over the course of learning, this mechanism enables the construction of the full SR matrix, 
which, for each stimulus, tracks the likelihood of future encounters with all other stimuli. Two 
parameters centrally govern the nature of this learning process — the eligibility trace parameter 
, which determines the timescale over which stimulus associations are learned, and the λ

discount parameter,  , which determines the timescale into the future over which learned γ
predictions, ultimately, extend. Interestingly, we did not observe evidence for developmental 
changes in either of these parameters, though it is possible that such differences would be 
apparent in other tasks. Prior research on statistical learning has found that children are highly 
capable of explicitly learning single-step stimulus contingencies (Finn et al., 2018; Raviv & 
Arnon, 2018; Saffran et al., 1997), and that age-related changes in structured knowledge 
acquisition are more evident in tasks like the one we used here, that require tracking 
contingencies over longer timescales (Pudhiyidath et al., 2020). Thus, it may be the case that 
children do rely on learning algorithms that more explicitly construct predictive representations 
like the SR (Zhang et al., 2025), but that the timescales over which they form these predictions 
are shorter — children may rely on more strongly discounted future forecasting, an effect for 
which we observed trend-level evidence. Future work could bolster our preliminary findings by 
employing multiple tasks that vary the timescales over which stimuli predict each other, and 
examining whether age-related changes in online learning and explicit knowledge acquisition 
are greater in environments with longer temporal lags between predictive and predicted stimuli. 
 While our findings provide evidence that the construction of an explicit, predictive 
representation during learning increases across development, they leave open the important 
question of why this is the case. What drives increased weight on this state-conditional, 
SR-based learning mechanism across development? One possibility is that age-related 
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improvements in working memory (Bunge & Wright, 2007; Luna et al., 2015) facilitate tracking 
of multiple temporal contingencies between stimuli in the environment, though it is unclear how 
or indeed whether the maintenance of eligibility traces interacts with or depends on the 
engagement of active working memory processes. Alternatively, people may “rationally” 
balance recency-based and stimulus-contingent predictive learning mechanisms, weighing the 
benefits of carrying out more complex cognitive computations with its costs (Kahn & Daw, 
2025; Lieder & Griffiths, 2019), and the evaluation of these benefits and costs may itself change 
with age. In our initial learning task, participants were simply instructed to respond rapidly to 
the unpredictable “wind direction” overlaid on each planet stimulus — they were not told that 
there was structure in the stream of planets they encountered, nor were they told that they 
would later need to report this structure. Thus, here, there were no obvious benefits to 
engaging a costlier form of predictive learning, but it is possible that children and adults began 
the task with different learned prior beliefs about the usefulness of extracting structured 
knowledge. In other words, across multiple learning experiences over their lifetimes, adults may 
have developed a stronger bias toward explicit structure-learning (Nussenbaum & Hartley, 
2024), such that they were more likely to engage in this form of learning even when the benefits 
of doing so were unclear. Indeed, we did not observe evidence that the state-conditional 
learning mechanism itself changed with age — none of the state-conditional learning 
parameters, including the learning rate, eligibility trace, and discount parameter, exhibited 
significant age-related variance. Rather, only the engagement of state-conditional learning 
changed across development and related to explicit knowledge acquisition, suggesting that in 
simple environments, age-related changes in predictive learning may be driven by the 
differential use of a relatively stable mechanism.  
 The underlying neural mechanisms that support the learning and use of predictive 
representations like the SR may also change across development. The hippocampus likely 
plays a central role in tracking environmental statistics (Schapiro et al., 2014, 2016; Stachenfeld 
et al., 2017) — after structure-learning, the similarity of representations within the hippocampus 
has been shown to recapitulate the temporal relations between stimuli. With increasing age, the 
hippocampus has been shown to better represent finer-grained distinctions between stimuli 
(Keresztes et al., 2018), perhaps facilitating the representations of stimulus relations that span 
multiple, distinct timescales. Indeed, in young children, greater hippocampal volumes 
correlated with better statistical learning (Finn et al., 2018), suggesting that age-related 
changes in hippocampal structure may facilitate increasingly accurate representations of 
relations between stimuli. Beyond the hippocampus, regions of the prefrontal cortex, including 
the inferior frontal gyrus and medial prefrontal cortex may play a central role in ‘reading out’ 
representations of stimulus similarity to identify boundaries between different events or 
temporal contexts (Schapiro et al., 2013, 2016). Developmental increases in connectivity 
between the hippocampus and prefrontal cortex (PFC) (Calabro et al., 2019) may thus also 
support the online use of hippocampal predictive ‘maps’ and explicit  access to them offline. 
By coupling neural measures with computational modeling, future work could directly test 
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whether age-related changes in hippocampal structure and hippocampal-PFC connectivity 
explain changes in reliance on the SR-based learning mechanism, as well as whether the 
strength of evidence for reliance on the SR-based learning algorithm relates to the strength 
with which representations within the hippocampus recapitulate the task’s true, underlying 
graph structure. 
 In the present study, we begin to gain insight into developmental changes in structure 
learning by unveiling the hidden algorithms that support online prediction. By using a recently 
introduced, computational model of learning (Kahn et al., 2024), we can move beyond coarse 
behavioral response time measures that obscure important learning dynamics, and construct a 
process-level account of learning. The current study thus provides insight into the 
developmental changes in learning dynamics that may underpin age-related change in the 
acquisition of structured knowledge, and sets the stage for future work that can ultimately 
address the fundamental questions of why those changes occur and how they may be shaped 
by experience. 
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Supporting Information  

Full regression model results 

Model 1: Response times during learning 

log_rt ~ age * trial * planet_lag * transition_type + wind_direction +  (trial + planet_lag + 
transition_type + wind_direction || subject_id) 

 
Supplementary Table 1: Response times during learning 
 

effect β SE df F p 

intercept 6.48 .011    

age -.052 .011 1, 110 23.2 <.001 

trial -.012 .003 1, 180 20.8 <.001 

planet lag .009 .002 1, 671 32.1 <.001 

transition type -.002 .002 1, 117 1.4 .234 

wind direction .006 .002 1, 108 13.1 <.001 

age x trial .001 .003 1, 179 0.1 .826 

age x planet lag .001 .002 1, 694 0.5 .469 

age x transition type .002 .002 1, 118 1.2 .280 

trial x planet lag .000 .001 1, 33853 0.0 .954 

trial x transition type -.005 .001 1, 42520 13.5 <.001 

planet lag x transition type .003 .001 1, 53083 3.6 .057 

age x trial x planet lag  .000 .001 1, 34252 0.1 .806 

age x trial x transition type -.001 .001 1, 47175 0.2 .633 

age x planet lag x transition type .001 .001 1, 53079 1.0 .315 

trial x planet lag x transition type .000 .001 1, 50641 0.0 .841 

age x trial x planet lag x transition type  -.001 .001 1, 50629 0.7 .408 
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Model 2: Parsing behavior  

parse ~ age * trial  * transition_type +  (trial * transition_type || subject_id) + (1 | planet) 

 
Supplementary Table 2: Parsing behavior 
 

effect β SE  χ2 p 

intercept -0.94 0.12   

age -0.40 0.12 10.9 <.001 

trial -0.07 0.04 3.9 .05 

transition type 0.24 0.04 36.5 <.001 

age x trial -0.05 0.04 1.9 .171 

age x transition type 0.11 0.04 9.9 .002 

trial x transition type 0.04 0.02 2.9 .091 

age x trial x transition type  0.02 0.02 0.8 .365 
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Model 3: Parsing behavior with planet lag 

parse ~ age * trial  * planet_lag *  transition_type +  (trial + transition_type || subject_id) 

 
Supplementary Table 3: Parsing behavior with planet lag 
 

effect β SE  χ2 p 

intercept -0.99 0.12   

age -0.40 0.12 10.4 .001 

trial -0.02 0.02 0.9 .332 

planet lag 0.17 0.02 44.8 <.001 

transition type 0.19 0.04 24.5 <.001 

age x trial -0.03 0.02 3.0 .082 

age x planet lag 0.01 0.02 0.2 .629 

age x transition type 0.11 0.04 9.5 .002 

trial x transition type 0.04 0.02 6.1 .014 

trial x planet lag -0.06 0.02 13.8 <.001 

planet lag x transition type 0.01 0.01 1.0 .326 

age x trial x planet lag 0.01 0.01 0.2 .633 

age x trial x transition type 0.03 0.02 2.7 .099 

age x planet lag x transition type -0.03 -0.01 3.8 .051 

trial x planet lag x transition type -0.01 0.01 0.9 .342 

age x trial x planet lag x transition type  0.03 0.01 3.1 .077 
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Model 4: Graph reconstruction 

mean_placement_distance  ~ age * distance_type +  (1 | subject_id) 

 
Supplementary Table 3: Graph reconstruction distances 
 

effect β SE df F p 

intercept 379.7 10.5    

age -14.1 10.5 1, 108 1.8 .184 

distance type 39.0 6.0 1, 108 42.3 <.001 

age x distance type -1.6 6.0 1, 108 0.1 .792 

 

 

Model 5: Graph reconstruction by stimulus-conditional learning weight 

mean_distance_difference ~  * age  β
𝐶

Supplementary Table 5: Graph reconstruction by stimulus-conditional learning weight 
 

effect β SE t p 

intercept 85.7 13.1 6.5 <.001 

 β
𝐶

–37.5 14.5 -2.6 .011 

age -20.5 13.6 -1.5 .134 

 x age β
𝐶

18.2 13.8 1.3 .191 
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Model 6: Parsing by stimulus-conditional learning weight 

mean_parsing_difference ~  * age  β
𝐶

 
Supplementary Table 6: Parsing by stimulus-conditional learning weight 
 

effect β SE t p 

intercept 0.07 0.01 5.4 <.001 

 β
𝐶

-0.03 0.01 -2.0 .043 

age 0.02 0.01 1.6 .122 

 x age β
𝐶

0.01 0.01 0.6 .580 

 
 

Model 7: Graph reconstruction by recency-based learning weight 

mean_distance_difference ~  * age  β
𝑅

 
Supplementary Table 7: Graph reconstruction by recency-based learning weight 
 

effect β SE t p 

intercept 81.1 12.4 6.6 <.001 

 β
𝑅

–18.4 12.6 -1.5 .149 

age 1.9 12.3 0.2 .879 

 x age β
𝑅

-13.7 14.8 -0.9 .356 
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Model 8: Parsing by recency-based learning weight 

mean_parsing_difference ~  * age  β
𝑅

Supplementary Table 8: Parsing by recency-based learning weight 
 

effect β SE t p 

intercept 0.07 0.01 5.7 <.001 

 β
𝑅

-0.01 0.01 -0.8 .408 

age 0.04 0.01 3.1 .003 

 x age β
𝑅

-0.01 0.01 -0.7 .455 
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Group-level parameter estimates from computational model 
 

parameter β SE p βage SEage page 

μ0 -.4274 0.0370 <.0001 -0.0393 0.085 <.0001 

σ -1.4404 0.0196 <.0001 0.0223 0.0046 <.0001 

shift -0.7137 0.0995 <.0001 0.2089 0.0252 <.0001 

βR -0.165 0.0215 <.0001 0.005 0.0074 .4968 

αR -1.5981 0.0734 <.0001 0.0241 0.0253 .341 

βC -3.8013 0.4905 <.0001 -0.2259 0.1109 .0417 

αC -1.9743 0.1255 <.0001 0.0301 0.0247 .2229 

γ 1.2523 0.168 <.0001 0.0599 0.0316 .0580 

λ 0.1453 0.184 .4299 0.0165 0.0484 .7331 

βtrial 0.0201 0.0103 .0524 0.0015 0.0025 .5533 

βresponse 0.0142 0.004 .0004 0.0006 0.001 .5505 

βstim2 -0.0227 0.0066 .0006 <.0001 0.0016 .9931 

βstim3 0.0829 0.0064 <.0001 0.0045 0.0015 .0037 

βstim4 0.0323 0.006 <.0001 -0.0005 0.0015 .7331 

βstim5 0.0325 0.0061 <.0001 -0.0016 0.0015 .2837 

βstim6 0.0492 0.0064 <.0001 -0.0009 0.0015 .5789 

βstim7 0.0871 0.006 <.0001 0.0019 0.0014 .1868 

βstim8 0.0835 0.0073 <.0001 0.0033 0.0017 .0600 

βstim9 0.0037 0.0065 .569 0.0016 0.0016 .3216 

βstim10 -0.0387 0.006 <.0001 -0.0003 0.0014 .8128 

βstim11 0.0419 0.0059 <.0001 0.0021 0.0014 .1363 

βstim12 0.053 0.007 <.0001 0.0011 0.0017 .5271 

βstim13 0.0182 0.0063 .0036 0.0013 0.0015 .3742 

βstim14 0.0868 0.0062 <.0001 0.0022 0.0015 .1298 

βstim15  0.0488  0.0061  <.0001  0.0036  0.0015  .0151 
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