Children Spontaneously Design Curricula to Tackle Challenging Tasks
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Abstract

We study how children develop a causal curriculum to achieve
a challenging goal that is not solvable at first. Adopting the
Procgen environments that include various challenging game
tasks, we found that 5- to 7-year-old children actively used
their current level competence to determine their next step in
the curriculum and made improvements to their performance
during this process as a result. This suggests that children treat
their level competence as an intrinsic reward, and are motivated
to master easier levels in order to do better at a more difficult
one, even without explicit reward. However, our findings also
suggest that children’s self-designed curricula may not always
be the most effective design. Rather, repeatedly practicing
on the difficult target task may be sufficient. Notably, when
constrained to stay on the target task instead of crafting their
own curricula, more children actually succeeded and made
greater progress in the game, suggesting that children perceive
a curriculum as beneficial, even when focusing on a singular
difficulty might prove more effective.

Keywords: curriculum learning; exploration; cognitive devel-
opment

Introduction

Humans are remarkable learners, especially when they are
faced with challenging tasks. We are able to craft personalized
curricula that shape our experiences in ways that allow us to
aquire new knowledge and skills (Alfieri et al., 2011} Baranes
et al.,[2014; Gopnik et al., [1999; Khan et al., 2011} Loyens
et al., [2008; Poli et al., 2020; Schmidt et al., [2007; Schulz,
2012} Ten et al., 2021).

The question arises: How do humans learn to reason about
their own learned capabilities and use this information to boot-
strap the future knowledge they need to learn to overcome
their current limitations? Causal learning may be crucial for
enabling us to efficiently explore various levels of task dif-
ficulty and complexity within an environment (Jiang et al.,
2023; Ke et al., 2021; J. X. Wang et al., 2021). In particu-
lar, first mastering the causal relations that are involved in a
simpler task can allow humans and artificial agents to solve
more complex tasks that involve similar relations (Florensa
etal.,[2018; Jiang et al.,[2023; Ke et al., 2021} Scholkopf et al.,
2021; J. X. Wang et al., 2021). We build causal models to help
guide our exploration, rather than randomly varying policies
and observing the results. Causal models are well-designed
precisely to afford a wide range of novel actions and interven-

tions in the world (Glymour et al., 1991} Pearl, 2000; Peter5585

et al., [2017; Spirtes et al., 2000). The ability to collect data
from causal interventions can allow an agent to construct a
new causal model, leverage that model to make decisions, and
repeat this process for improvement (Jiang et al., 2023; Ke
et al.,[2021} Scholkopf et al., 2021} J. X. Wang et al., 2021).

Related work in cognitive science suggests that child learn-
ing follows the "Goldilocks" principle: children opt for infor-
mation that is neither too easy nor too complex, but moderately
predictable (Cubit et al.,[2021; Kidd et al.,[2012} 2014). Fur-
thermore, children are able to monitor the “zone of proximity”
between their current capabilities and the goal at hand. This
enables them to progress from what they cannot do at all to
what they can learn to do with the assistance of an adult or a
teacher (Vgotsky, n.d.). Infants allocate their visual attention
based on surprise, predictability and learning progress (Poli
et al.,[2020). 4- to 6-year-old children use their improvement
over time to decide whether to persist on a challenging goal on
their own (Leonard et al.,[2023). And by age 7, children ask
questions that yield higher information gain when problems
are more difficult (Ruggeri & Lombrozo, 2015). However,
there are no systematic studies showing that young children
can indeed spontaneously construct an appropriate curriculum
in order to master complex goal-directed tasks. In particular,
we show that children use intrinsic rewards based on level
competence to determine a curriculum.

Research has shown that young children’s learning deci-
sions are often scaffolded by external guidance, typically from
teachers or adults. For instance, six- to eight-year-old chil-
dren, rely on teachers’ beliefs to calibrate their explore-exploit
decisions (Bass et al., [2023). Similarly, four-year-olds ex-
hibit persistent exploratory play and engage in more difficult
interventions following success in a task that is framed as
“difficult" rather than “easy" by the experimenter (Doan et al.,
2020). Furthermore, adults’ feedback about children’s perfor-
mance trajectories significantly impacts their motivation: four-
to six-year-old children who were told that their performance
was improving were more likely to persist on a challenging
task than those whose performance was described as constant,
even when their final performance outcomes were actually the
same (Leonard et al.,|2023)). These findings highlight the criti-
cal role of external pedagogical inputs in shaping children’s
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learning and exploration.

However, it remains unclear whether children can au-
tonomously design effective learning curricula for themselves,
without any feedback from others. Some evidence suggests
that this is possible. Young children are sensitive to task dif-
ficulty. For example, four- and five-year-olds tend to skip
tasks that are both difficult and associated with low reward
probabilities (J. Wang & Bonawitz, [2023). Additionally, four-
to eight-year-olds selectively practice on difficulty levels that
they expect to encounter in subsequent testing, and opt to
train on the more difficult level when the test difficulty is un-
known (Serko et al.,[2024). However, these decisions typically
involve a simple comparison between two task levels rather
than complex curricula with multiple difficulty levels. Can
children continuously choose task environments that align with
their current level of competence and make further progress?
On the one hand, children under seven years of age overesti-
mate their performance instead of anticipating improvement
across trials (Zhang et al., ; on the other hand, five- to
ten-year-olds would design easier goals for themselves when
they wree motivated to win (Rule et al.,[2023). It is therefore
an open question whether children can and will independently
craft an effective curriculum to help solve challenging tasks,
particularly when the task requires sustained effort and strate-
gic planning across multiple trials.

Term Definition

Level An indicator of success in an episode of game play
Compe- on a specific level, reaching 100% when the specific
tence level is successfully solved in that episode

Global Difference in competence between the initial at-
Progress tempt and the final attempt at the target level

Table 1: Definitions of terms in the paper

Study 1: Can children design their own
curriculum?

To systematically analyze curriculum learning for human play-
ers, we selected a subset of Procgen (Cobbe et al.,
environments and tailored them by adjusting game difficulty
along a single parameter or variable. Procgen is a procedu-
rally generated environment that develops a wide range of
reinforcement learning games with varying levels of difficulty.
Our experiments focused on three distinct Procgen games:
Leaper, Climber, and Heist (FigurelI[) We ask how children
scaffold their own learning by engaging in varying difficulty
levels and analyze their curriculum decisions.

Methods

We recruited 22 five- to seven-year-old children (10 females,
12 males), with a mean age of 5.55 years (¢ = 0.74 years) at
public museums in the Bay Area, California, USA. Partici-
pants were told that they would be rewarded with a sticker if
they won a target game level (the target level was always Level
3 of the game). The target level was intentionally designed

)

(c) Heist Lock

o

(g) Heist Maze Size  (h) Chaser Maze Size

(a) Leaper Log Lane

(b) Climber Platform

(e) Leaper Car Lane  (f) Climber Enemy

Figure 1: In Study 1, we selected 3 Procgen environments with
2 different axes each and varied the level of difficulty across
the axes within a game. In Study 2, we focused on Leaper for
children and included a new game Chaser for adults. (a)-(h)
show the goal levels for the games.

to be too difficult to succeed in a single attempt, requiring
repeated efforts and incremental learning to achieve success.
Children were then given the opportunity to autonomously
select different difficulty levels of the game (Levels 1-4, with
Level 3 being the target game level). Children could play
either until they won the target level, or for up to a total of 10
rounds, whichever came first.

Game Axis Level 1 Level 2 Level 3 (tar-  Level 4 (ex-
get) tra difficult)

Leaper Log 1 log lane 3 log lanes 5 log lanes 7 log lanes
Lane

Leaper  Car 1 car lane 3 car lanes 5 car lanes 7 car lanes
Lane

Climber Enemy 0 enemies 1 enemy 2 enemies 3 enemies

Climber Platform 1 platform 2 platforms 3 platforms 4 platforms

Heist Maze small medium large extra large
Size

Heist Lock 1 lock 2 locks 3 locks 4 locks

Chaser  Maze small medium large extra large
Size

Chaser  Enemy 1 enemy 2 enemies 3 enemies 4 enemies

Table 2: Levels of Leaper, Climber, Heist for children, as well
as Chaser for adults in Study 2. These games were chosen to
vary certain aspects of each game based on a particular axis.
The levels increase in difficulty from Level 1 through Level 4.
The goal level to complete is Level 3.
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Figure 2: (a)-(d) Example levels of difficulty in Leaper, repre-
sented by the number of log lanes as the measure of difficulty.

Experimental Procedure

The study was performed on a computer. Participants were
randomly assigned to play one of the three Procgen games.
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Participants first underwent a familiarization trial where they
practiced exploring an empty environment of the game with a
video-game controller (e.g., they explored Leaper without any
lanes or obstacles between the starting point and the finishing
line), so that they could get used to the controller and gaming
interface.

Next, participants were told to play the goal level of the
game and were told they would be rewarded a sticker if they
won. The rules of the game were not revealed to the partic-
ipants. Since the experiment aimed to measure curriculum
learning in a case where the goal was too challenging to be
attained outright, participants had to fail the goal level to con-
tinue with the experiment. If a participant passed the goal
level, experimenters reassigned them to play a different game.
After the participant failed the goal level, the experimenter
restated to them that the goal was to win that particular level,
and once they did, they would get a sticker. The experimenter
asked if the participant could tell them how the game worked
and what the participant would have to do to get the sticker.

Then, participants were asked which level of the game they
wanted to play in the next round and why. They were shown
images of varying difficulty levels that quantitatively varied
along a single game axis on a tablet, similarly to the ones in
Figure 2} but were not explicitly told the relative difficulty of
each level. Participants were presented with a total of three
levels of difficulty: the goal level, two levels that were incre-
mentally easier than the goal level,. A subset of 7 participants
were further presented with an additional level 4 that was more
difficult than the goal level.

At the end of each round, participants could visually observe
their position on the computer screen and were also informed
by the experimenter whether they passed their selected level.
However, they were not given explicit verbal feedback on their
performance or proximity to the goal level. On every other
trial, they were reminded they would only win a sticker if they
succeeded on the goal level.

This procedure continued until the participant passed the
goal sticker level or up to a total of 10 trials, whichever was
earlier. Participants who did not pass the goal level by the
tenth trial were invited to play the goal level again and then
the experiment concluded.

Results

Overall, children made an average global progress toward the
goal of u = 58.4% with a standard error SE = 11.8% towards
the goal (see Table|[I|for definition), which was significantly
different from 0%, ¢(15) = 4.96, p < .001. After failing the
initial goal level, 72.7% participants started their curricula by
selecting an easier level: 9 chose Level 1 and 7 chose Level
2. Only 1 (of the 7 presented with Level 4) chose Level 4 -
the even more difficult level. If children were selecting their
curricula at random, all four levels should be equally likely
to be selected, resulting in a 25% chance of selecting Level 4.
Our finding suggests that children recognized that spending
extra effort on Level 4 would not increas their chance of a
reward.

Game Level Competence Calculation

Leaper the number of lanes crossed normalized by the
total number of lanes in the episode
Climber the number of platforms reached normalized by

the total number of platforms in the episode

Heist  the number of objectives achieved (gathering a key,
unlocking a lock, or gathering the jewel) normal-
ized by the total number of objectives to achieve

Chaser the fraction of total green orbs collected

Table 3: Calculation of level competence (a percentage of
completion) in each game.

40 =
> 30 = Change in Level
2 2
5 20 4 -1
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Figure 3: Level adjustments based on children’s level compe-
tence on the current level. The x-axis represents current level
competence (%) and the y-axis shows the frequency of level
adjustments. A level change of +1 indicates selecting a harder
level, while -1 represents choosing an easier one. Children
tended to stay on the same level or move to easier levels when
their competence was low, and moved to harder levels when
their competence was high.

Next, we computed level competence as a measure of how
far participants progressed within a single episode of gameplay
on a specific level (see Table|[I] for definition and Table 3] for
a specific breakdown of how level competence is calculated
for each game). We examined the change in levels selected by
children across their automated curricula, given their compe-
tence on their current level (see Figure[3). A change in level
of 0 indicates that the participant chose to remain on the same
level, a change in level of -1 indicates that they chose the next
easiest level, and so on. We found that children were more
likely to remain on the same level or go to easier levels if
their progress was low, and were more likely to move to more
challenging levels if their competence was high. More specifi-
cally, level change (z-scored) was positively predicted by level
competence (z-scored) in a linear mixed effects model with
participant as a random effect, f = .37, #(75) = 3.38, p < .0l.
Thus, children used competence information to avoid overly
easy tasks and advance to more difficult levels that were closer
to the target level in their curriculum.
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Study 2: Are children’s and adults’ curricula
better than just focusing on the target task?

In Study 1, we found that children systematically designed
their own curricula to tackle a challenging game task. How-
ever, it remains unclear whether their curricula are more effec-
tive than simply practicing the target level directly, as well as
how their learning behavior compares to that of adults.

In Study 2, we introduced an additional target-only condi-
tion for children, where participants practiced exclusively on
the same target level. We also examined adult participants’
gameplay across both the target-only and self-initiated cur-
riculum conditions. Furthermore, to expand our performance
measures beyond level competence, we surveyed participants
after each attempt to assess their causal understanding of the
game—specifically, their knowledge of the gaming mechanics
and what they had to do in order to win the game.

Methods

We recruited 33 five- to seven-year-old children (19 females,
14 males) with a mean age of 5.97 years (¢ = 0.77 years) from
public museums in the Bay Area, California, USA. Addition-
ally, we recruited 44 adults aged 18 to 40 years, with a mean
age of 21.68 years (6 = 3.96 years), from a college campus.
Adult participants received class credit upon completing the
experiment, whereas child participants continued to receive
stickers upon succeeding on the target game level.

The methods in this study were largely the same as in Study
1, but with some modifications. For children, they were only
assigned to play the game Leaper. Based on the survey results
from Study 1, this game was found to be the most enjoyable
and engaging for children. In contrast, adults were assigned
a different game, Chaser (see Figure |I[) which involves col-
lecting green orbs and avoiding specific types of enemies in a
maze. This game was chosen because it is more structurally
complex and involves additional rules, ensuring it was chal-
lenging enough that the adults could not solve it too easily.

Participants were randomly assigned to one of two experi-
mental conditions. In the self-initiated curriculum condition,
participants were allowed to design their own learning path-
ways as in Study 1. In the target-level condition, participants
practiced exclusively on the target level until they either suc-
cessfully solved it or reached the maximum of 10 attempts.
These modifications allowed us to explore whether the ef-
fectiveness of self-initiated curricula differed from focused
practice on the target level across age groups.

In both conditions, participants were asked after every other
round to explain how the game worked and what they needed
to do in order to win the game. All open-ended responses
were hand-coded by two double-blind researchers, using a
point system to evaluate the completeness of their explanations.
Scores were assigned based on the number of key observations
participants identified, with a perfect score reflecting a full
causal understanding of the game.

Participants were also asked a multiple choice question
at the end as a causal rule understanding metric. Children

Adults Children

100 100

Percentage (%)
Percentage (%)

=l

! 2 3 4 1 2 3 4
Level Level

0

Figure 4: Distribution of levels selected by adults and children.
Both groups selected the target Level 3 most frequently in
their curricula; children selected the extra difficult Level 4 less
than adults did.
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Figure 5: Level adjustments determined by adults and children
based on their current level competence. Children’s choices
largely replicated Study 1, with change in level positively
correlated with level competence. By contrast, adults did
not determine their subsequent change in level based on their
current level competence and mostly decided to remain on the
same level independent of level competence.

(N=32) were asked "What do you think you had to do to
win the game?", and given the choices of a) Avoid the logs, b)
Swim in the water, and c) Hop from one log to another (correct
answer). Adults were asked "Which statement is true about
the maze?", and given the choices of a)You should collect
all the stars and the ghosts, the green orbs don’t matter, b)
You should collect all the green orbs and the ghosts, the stars
don’t matter, and c) You cannot collect or destroy the static
green eggs that appear and disappear in the maze (correct
answer). They were also asked an additional multiple choice
question "Which statement is true about the enemies?" and
given the choices of a) You should avoid both the bat-looking
enemies and the ghost-looking enemies, b) If you collide with
a ghost-looking enemy, it will die and never come back again,
and c) When you collide with a ghost-looking enemy, a static
green egg spawns somewhere else on the map which then later
hatches into a new enemy (correct answer).
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Results

Children and adults in the self-initiated learning condition
Overall, both adults and children invested over half of their at-
tempts on the target Level 3 (59.86% and 53.65% respectively,
see Figure ). Children selected Level 4 only 3.66% time,
much less frequently than adults (14.97%), again indicating
that they were less likely to spend extra effort that would not
cause them to win the extrinsic reward.

The data of children in the self-initiated curriculum con-
dition in Study 2 largely replicates that in Study 1. After
failing the initial goal level, 71.4% participants started their
curriculum by selecting an easier level: 8 chose Level 1, 2
chose Level 2 and 4 chose Level 3. Furthermore, there is
again a significantly positive correlation between level compe-
tence (z-scored) and level change (z-scored) in a linear mixed
effects model with participant as a random effect, § = .55,
1(82) =5.74, p < .0001 (Figure[3] right), suggesting that chil-
dren were selecting their next level contingent on how well
they were performing on the current level. By contrast, adults
largely chose to remain on the same level independent of
their level competence. As observed in Figure [5] (left), adults’
level competence was largely between 76% and 100% already,
implying that their game was relatively easier to them than
Leaper was for children. As a result, they might have thought
that building a curriculum with incremental difficulty levels

was not necessary for reaching their target level.
Self-initiated curriculum vs. Target-only condition Over-

all, children made significantly less average global progress
in the self-initiated curriculum condition (u = 2.97%, SE =
1.71%, 78.6% succeeded on the target level) compared to the
target-only condition (u = 35.60%, SE = 8.58%, 94.4% suc-
ceeded on the target level), #(18) = 3.05, p = 0.00678. Adults
did not show a difference in global progress between the self-
initiated curriculum condition (u = 23.65%, SE = 8.45%, 70%
succeeded on the target level) and the target-only condition
(u=23.21%, SE = 4.90%, 100% succeeded on the target
level). Both children and adults in the self-initiated curricu-
lum condition spent more rounds to successfully solve the
target level (u = 6.8 rounds vs. u = 3.5 rounds, #(21) = 3.09,
p = 0.00549 in adults, y = 6.82 rounds vs. y = 5.06 rounds,
t(17) = 1.89, p = 0.075 in children).

Both groups of participants generally developed a good
understanding of the rules and mechanics of their respective
games. Adults actually demonstrated greater causal under-
standing in their verbal descriptions of the game in the self-
initiated curriculum condition than in the target-only condi-
tion, #(37) = 2.32, p = 0.0259. More specifically within the
self-initiated curriculum condition, the more rounds that were
played, the greater was the increase in causal understanding,
t(18) = 1.95, p = 0.0664. By contrast, there was not a sig-
nificant difference between the two conditions for children,
t(17) =2.59, p = 0.0190.

General Discussion

Children can systematically design their own curricula to
achieve challenging goals based on their current level of com-
petence, which they are able to assess independently without
external feedback from the experimenter. In fact, they will
systematically shift to easier levels, even though this may not
actually be the most effective strategy for reaching the target
level, as demonstrated in Study 2. Simply continuing to at-
tempt the most difficult level, in spite of failing at first, may ac-
tually be more effective Beyond the extrinsic reward (a sticker)
for solving the target level, children may also find intrinsic
satisfaction in fully succeeding at a game level and gaining
information about that level. The target level of Leaper, which
children were assigned to play, is also relatively simple in
complexity and relies heavily on motor control for success.
Chaser, on the other hand, involved more complicated rules
and adults in the self-initiated curriculum condition gained a
deeper understanding of the game when they had a curriculum.
A curriculum approach might prove more advantageous in
games with greater causal complexity.

An interesting direction, is examining how learning general-
izes across different game environments, specifically compar-
ing a self-generated curriculum learning approach to a target-
based approach. Perhaps learning through a curriculum can
lead to better generalization. It’s possible that learning under
noisy, adaptive conditions fosters more flexible and transfer-
able skills, which could enable participants to adapt more
effectively to novel challenges. In contrast, a target-based
condition might encourage optimization within a specific con-
text but limit broader transfer. If the curriculum condition
leads to stronger performance in a new game, this would
suggest that exposure to dynamic, uncertain learning environ-
ments enhances adaptability and generalization. This finding
could have implications for designing more effective training
paradigms in Al and human learning, where structured yet
unpredictable experiences lead to more robust skill acquisition.
We leave this to future work.

Limitations

The games we provided may have been too easy for partici-
pants. Further work can use more difficult games that have
more causal structure to be discovered.

Future directions

Building on our finding that children employed level compe-
tence as a metric to assess advancements in curriculum-based
learning, we hope to further explore whether self-generated
curriculum learning necessarily outperforms curriculum learn-
ing in a prescribed sequence based on , in a random sequence,
or in a sequence designed by another individual (yoked con-
trol) (Atkinson, |1972; Kornell and Metcalfe, [2006) for both
children and adults.

We are also interested in formalizing this work using com-
putational methods. How exactly should an agent decide what
to learn next? That is, should an agent decide to challenge it-
self by choosing something difficult and risky or stick to what
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it knows by choosing something easy and safe? Or perhaps an
agent should aim for something in between — something that
is “just right”? There remains a gap in understanding on how
the Goldilocks Principle influences learning and exploration
in humans and its extension to intelligent systems. A question
remains of how to define “just right” both computationally and
empirically.

While this task focuses on prediction — where participants
decide which level to play next — similar tasks could be used
to make inferences about other agents. That is, participants
could observe another player’s level choices without knowing
their competence and estimate how far the player progressed
in a given level based on their subsequent level selection. This
approach would provide insight into how people infer progress
and competence from decision-making patterns.

Finally, we are also currently running vision and large lan-
guage model experiments to investigate whether multi-modal
models could spontaneously generate a curriculum to solve
difficult tasks.

Conclusion

Children can create a systematic curriculum to reach a goal that
is too challenging to attain in a single attempt. We found that
5- to 7-year-old children used level competence to decide what
level to play in order to eventually solve the most challenging
level. Participants who were less competent at their current
level were more likely to choose to play the same level again
or an easier level — participants who were more competent at
their current level were more likely to choose a more difficult
level. Interestingly, unlike adults, children created a systematic
curriculum based on their current competence, even though
their performance might have actually been better by simply
training on the challenging level itself.
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