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Abstract

The sequencing of training trials can significantly influence
learning outcomes in humans and neural networks. However,
studies comparing the effects of training curricula between the
two have typically focused on the acquisition of multiple tasks.
Here, we investigate curriculum learning in a single percep-
tual decision-making task, examining whether the behavior of
a parsimonious network trained on different curricula would
be replicated in human participants. Our results show that pro-
gressively increasing task difficulty during training facilitates
learning compared to training at a fixed level of difficulty or at
random. Furthermore, a sequences designed to hamper learn-
ing in a parsimonious neural network network impair learning
in humans. As such, our findings indicate strong qualitative
similarities between neural networks and humans in curricu-
lum learning for perceptual decision-making, suggesting the
former can serve as a viable computational model of the latter.
Keywords: curriculum learning; perceptual decision-making;
random-dot kinematogram

Introduction
Curriculum learning is the structured organization of train-
ing data or experiences, where the ordering follows a prede-
fined strategy to influence the learning process. The effects
of curriculum learning have been studied in both humans
and neural networks (for humans, see Ahissar and Hochstein,
1997; Church et al., 2013; Hocker et al., 2024; Liu et al.,
2008; McLaren and Suret, 2000; Roads et al., 2018; for
neural networks, see Hocker et al., 2024; Lee et al., 2024;
Makino, 2023; Mannelli et al., 2024; Saglietti et al., 2022).
These studies suggest that progressively increasing task dif-
ficulty typically facilitates learning. However, the relation-
ship between curriculum learning in humans and networks
remains unclear—mainly whether networks can serve as suit-
able models for human learning and whether human-inspired
curricula can improve network training. Identifying similar-
ities and differences may help provide a deeper understand-
ing of human cognition by examining it through neural net-
work architectures. Conversely, these comparisons can in-
form the design of networks to more closely mimic human
cognition (Dekker et al., 2022; Flesch et al., 2018; Lake &
Baroni, 2023). However, despite the application of curricu-
lum learning in both (e.g., Anderson et al., 1995; Wang et al.,
2021), a direct comparison of curriculum learning between
humans and networks in qualitatively similar tasks remains
largely unexplored—especially in the context of single-task
learning. Here, we systematically investigate the effects of

different curricula during perceptual learning in humans and
a neural network.

Prior studies comparing human and neural network learn-
ing have focused on their similarities and differences con-
cerning sequential acquisition of multiple tasks. For example,
Flesch et al. (2018) investigated continual learning—learning
multiple tasks in sequence—in humans and networks. Their
behavioral findings suggest that humans learn categorization
tasks more effectively when training trials are grouped into
task blocks instead of interleaving tasks. In contrast, their
simulations indicate that networks perform better when inter-
leaving tasks and that they suffer catastrophic forgetting when
training trials are blocked. Similarly, Dekker et al. (2022) ob-
served that humans learn new tasks remarkably quickly by
generalizing knowledge to new settings, while standard net-
works fail to do so. However, the authors also reported that
more advanced neural networks—especially those trained
with structured learning approaches—can achieve human-
like performance (for another example, see Lake and Baroni,
2023). While these studies have mainly highlighted differ-
ences in learning between humans and neural networks, they
have primarily focused on the sequential acquisition of mul-
tiple tasks.

In contrast, studies considering perceptual learning typi-
cally examined training curricula within a single task. For
instance, Church et al. (2013) demonstrated that humans per-
formed better on a hard auditory perceptual discrimination
task when previously trained on trials with progressively in-
creasing difficulty compared to trials with decreasing or con-
sistently hard difficulty throughout the training. Similarly,
Mannelli et al. (2024) found that parsimonious neural net-
works learned a perceptual discrimination task more effi-
ciently when trained with progressively increasing difficulty
rather than consistently hard or random difficulty.1

Studies on curriculum learning typically use training
regimes that include ascending, hard, or random2 curricula.
After training, researchers generally assess the performance
in a testing phase consisting exclusively of hard trials. (e.g.,
Church et al., 2013; Mannelli et al., 2024). An ascending
curriculum structures learning by gradually increasing the

1Curriculum learning did not significantly improve the training
of a deep neural network in their study.

2Matching the difficulty trials of the ascending curriculum, pre-
sented in random or descending order.
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task difficulty, while a hard curriculum examines an alterna-
tive hypothesis that training on trials with consistently hard
difficulty, matching that used in testing, maximizes learn-
ing efficiency. Random difficulty curricula serve to control
for the alternative account that not progressively increasing
difficulty but rather variability in difficulty maximizes learn-
ing efficiency. Comparisons between these conditions help
determine whether progressively increasing task difficulty
uniquely enhances learning or if alternative approaches yield
similar results.

In this study, we investigated curriculum learning in a per-
ceptual decision-making task for both humans and parsimo-
nious neural networks. Inspired by the modeling work of
Mannelli et al. (2024), we designed corresponding tasks for
both a neural network and humans, each requiring integra-
tion across two feature dimensions, with the added complex-
ity of noisy feature values in both dimensions. Crucially, we
structured the tasks so that the features had to be integrated
following an XOR rule (see Method sections). This design
allowed us to examine curriculum learning by manipulating
feature noise (e.g., reducing noise over time in an ascend-
ing curriculum). More importantly, this design also allow
for a bad curriculum through blocked learning, where feature
pairings were systematically grouped, restricting exposure to
certain feature combinations. Interestingly, other forms of
blocked learning have been shown to improve performance
in both human subjects (Mi & Summerfield, 2025) and neu-
ral networks (Lee et al., 2024; Patel et al., 2023), possibly by
helping learners focus on a subset of task-relevant informa-
tion and temporarily circumvent capacity limitations. In con-
trast, in our setting, blocked exposure impairs performance
by making it harder for the learner to infer the underlying task
structure, ultimately hindering generalization to the full task.
This contrast highlights the richer complexity of real-world
task structures, where the benefits of curriculum learning de-
pend critically on how subtasks relate to the global objective.

Neural Network Study
To examine the similarity between human and neural network
perceptual learning, we conducted numerical experiments to
determine whether networks’ predictions generalize to hu-
man behavior.

Specifically, we compared how four training curricula af-
fect the accuracy of the same network architecture with differ-
ent weights initializations. Based on previous theory on the
beneficial effects of an ascending curriculum (e.g., Mannelli
et al., 2024), we expected networks trained on an ascending
curriculum to outperform random and hard ordering. This
also allowed us to design a “bad curriculum” whose objective
was to disrupt performance in the network–see the Stimuli
section below.

In addition to examining performance on test trials, we an-
alyzed the training trajectory. We split the neural network
population into high-achieving networks exceeding 65% ac-
curacy and low-achieving networks falling below this thresh-

old. This allowed us to examine whether overall perfor-
mance differences were due to curricula affecting all net-
works similarly—essentially shifting the entire performance
distribution while maintaining its shape—or whether curric-
ula altered the distribution itself, impacting the proportion
of high-achieving networks. Finally, as an additional ex-
ploratory analysis, we examined the long-term impact of ini-
tial training conditions by exposing neural networks to ex-
tended training following the initial curriculum training.

Method

Architecture Similar to Mannelli et al. (2024), the neural
networks consisted of two layers with K = 4 hidden units
and a ReLU activation function. We trained these networks
using binary cross-entropy loss and online stochastic gradi-
ent descent updates. With K = 4, the network is capable of
parsimoniously solving an XOR task in its optimal weight
configuration (Ben Arous et al., 2022; Mannelli et al., 2024;
Refinetti et al., 2021). We accounted for individual variabil-
ity by initializing the network weights drawn from a Gaussian
distribution with a mean of 0 and a standard deviation of 0.05.

Stimuli As the perceptual discrimination task, we used an
XOR Gaussian-Mixture model (Refinetti et al., 2021), where
inputs are sampled from four Gaussian distributions whose
means (±µy) are arranged to form an XOR, and the XOR
rule determines the labels. Formally, given a label from y ∼
Bern

( 1
2

)
, x ∼ 1

2 N (µy,σ
2Id)+

1
2 N (−µy,σ

2Id), with µ0,µ1 ∈
Rd orthogonal unit vectors. Large standard deviation (σ) cre-
ates less distinct Gaussians, making the task harder.

We compared four training curricula—ascending, hard,
random, and bad—and assessed accuracy in a testing phase
of exclusively hard trials. In the training trials, the standard
deviation (and thus the difficulty levels) ranged from σ = 0.1
(easy) to σ = 0.65 (hard), except for the hard curriculum
where we fixed σ at 0.65. For the ascending curriculum, σ

linearly decreased to increase difficulty. We used the same
difficulty levels as the ascending curriculum in the random
curriculum but presented them in a randomized order. In the
bad curriculum, we presented trials in random order of dif-
ficulty, but we manipulated the presentation to show only a
subset of labels ±1 at the beginning and the other subset ±1
at the end. Throughout training the probability of observ-
ing the initial subset linearly decreased, while the probability
of observing the other increased. This design limited early
exposure to the complete set of feature pairings, making it
harder to generalize the XOR-based response strategy across
the task.

Procedure Building on the work of previous studies (cf.
Ben Arous et al., 2022; Refinetti et al., 2021; Sarao Mannelli
et al., 2024), we employed a mean-field approach from statis-
tical physics to characterize the learning dynamics. This ap-
proach reduced the stochasticity of learning to the initializa-
tion phase and allowed us to analytically evaluate the learn-
ing trajectory without requiring numerical simulations. This
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provided a fast and precise characterization of the learning
process. After training for 10 time units with a learning rate
of 10, where time in the mean-field approach is given by
epoch/input dimension, we evaluated the accuracy exactly us-
ing the mean-field solution of the problem. We ran 10′000
simulations for each curriculum to characterize the accuracy
distribution. To explore long-term impact, we trained the neu-
ral networks on additional hard trials up to 100, 1′000, and
10′000 time units after the initial 10 time units.

Data Analysis Given this large sample size of 10′000 for
each condition, we used Cohen’s d to assess statistically sig-
nificant differences between curricula.

Results
Testing Figure 1 depicts the accuracy of neural networks in
test trials. The ascending curriculum showed on average the
highest accuracy, and reported a large and statistically sig-
nificant effect against the other curricula. Specifically, the
absolute value of Cohen’s d was 0.98 for the ascending cur-
riculum against the random curriculum, 2.5 against the hard
curriculum, and 2.1 against the bad curriculum. The random
curriculum also demonstrated a large and statistically signifi-
cant effect size, with values of 1.5 against the hard curriculum
and 1.1 against the bad curriculum, performing better than
the hard and bad curriculum but worse than ascending. The
smallest, yet significant, effect size of 0.90 was observed be-
tween the hard and bad curricula, indicating relatively higher
accuracy for the bad curriculum.3
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Figure 1: Accuracy on test trials for neural networks trained on four
different training curricula.

Training The upper panel of Figure 2 depicts the accuracy
of neural networks in training trials, while the lower panel
depicts the training trajectories when splitting the networks
into a high-achieving group (above 65% accuracy) and low-
achieving group (below 65%) based on the accuracy of the
final training time unit. Since trial difficulty varied between
curricula in the training but not in the test trials, we also re-
port the proportion of networks above threshold performance:

3The network returns three values: returning one of the two la-
bels or zeroing out and not returning any label. This lowers chance-
level accuracy by allowing the network to forgo an answer.

In the ascending curriculum, 11.62% of networks performed
above the threshold in the final training trials, and 11.46% did
so in the test trials. In contrast, none of the networks trained
with the hard curriculum surpassed the threshold in either
training or test trials. For the random curriculum, 18.96% of
networks exceeded the threshold in the final training trials but
only 1.07% in the test trials. In the bad curriculum, 99.97%
of networks surpassed the threshold in the final training trials,
yet none did so in the test trials.
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Figure 2: Accuracy for the neural networks during training with
four different curricula. The upper panel shows violin plots for the
four curricula throughout training. The lower panel shows the same
curricula split between networks above and below 65% accuracy in
the final training time unit. The solid line indicates the average while
the shaded region around represents the standard deviation.

Long-term Impact Figure 3 depicts the accuracy in addi-
tional hard training trials followed by an initial curriculum
training phase. While continued training on to 100 trials fol-
lowing an initial ascending curriculum further improves ac-
curacy, networks initially trained with a hard, random, or bad
curriculum do not show accuracy gains. However, while this
trend persists for 1,000 trials, after 10,000 trials, networks
initially trained with a hard or random curriculum eventu-
ally catch up and reach similar accuracy levels to networks
trained on an ascending curriculum. In contrast, networks
initially trained with a bad curriculum continue to underper-
form, failing to reach accuracy above chance even after re-
ceiving 10,000 trials.

Discussion: Neural Networks
Altogether, the neural network simulations suggest that train-
ing with an ascending curriculum is the most effective ap-
proach for learning a perceptual decision-making task.

Our analysis of training trajectories and the split between
high- and low-achieving networks in the test phase shows that
ascending curricula increase the proportion of high-achieving
networks compared to the other conditions. These findings
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Figure 3: Testing accuracy when adding additional hard trials to
the initial curriculum training. Note, the first group of violin plots
reproduces the results shown in Figure 1.

align with prior studies; for instance, Sarao Mannelli et al.
(2024) demonstrated that an ascending curriculum expands
the proportion of networks that lead to high performance.

Furthermore, our analysis identifies discrepancies between
the proportion of high-achieving networks at the end of train-
ing and in the test phase for the random and bad curricula,
whereas such discrepancies are absent in the ascending and
hard curricula. This effect is particularly pronounced in the
bad curriculum. These findings provide insight into the un-
derlying mechanisms determining whether networks success-
fully acquire the task.

The results of the long-term impact analysis indicate that
for the chosen difficulty level the network can successfully
learn the XOR task when provided with sufficient training
data, even under the hard curriculum. However, the detri-
mental effects of exposure to the bad curriculum appear irre-
versible, suggesting that the network becomes trapped in an
attractor state induced by learning only one subset of the task,
preventing successful generalization.

Human Participants
Like the neural network simulations, we conducted a
between-group web-based experiment to examine whether
the same four training curricula affected participants’ accu-
racy on subsequent hard test trials. The test trials were iden-
tical across training curricula. Based on the neural network
simulations, we expected the ascending group to outperform
the hard and random groups, as reflected in significantly
higher accuracy. Additionally, we anticipated higher accu-
racy in the random group compared to the hard group during
testing, also based on the network simulations. Regarding the
bad curriculum, although previous empirical work suggests
that blocked learning benefits learning in humans (Flesch et
al., 2018), our network simulations predicted lower accuracy
for this group, leading us to expect weaker performance com-
pared to the other conditions.

In addition to examining test performance, we analyzed
the training trajectory of human participants, similar to our
approach with neural networks. We also categorized partic-
ipants into high-achieving—above 65% accuracy–and low-
achieving—below 65%—groups to investigate whether over-
all performance differences were primarily driven by curric-

ula influencing all individuals similarly or whether curric-
ula instead affected the distribution of participants who per-
formed well versus poorly.

Method

Participants We collected data from 200 participants
(mean age = 23.1) through an online experiment adminis-
tered on Prolific. We implemented within-counterbalancing
using SweetPea (Musslick et al., 2020) and automated the ex-
periment execution via AutoRA (Musslick et al., 2024). All
participants were between 18 and 45 years old and consented
to participate. The experiment lasted five minutes on aver-
age. The data was partially collected at Brown University,
Providence, USA, where the study received approval from
the Institutional Review Board, and at Martin-Luther Univer-
sity, Halle-Wittenberg, Germany, where the study was also in
accordance with ethical guidelines.

Stimuli We exposed participants to a perceptual decision-
making task in which they had to identify the majority mo-
tion direction or majority color of dots in a random-dot-
motion kinematograms (RDK). The task followed an XOR
rule, meaning responses depended on the conjunction of
these features—for example, “yellow-up“ and “blue-down“
required the same response, while “yellow-down“ and “blue-
up“ required a different response. We used ‘F‘ and ‘J‘ as
response keys and instructed participants to use the left and
right index fingers. The key-response mapping was counter-
balanced between participants.

We administered RDK trials using the rdk-plugin (Ra-
jananda et al., 2017) and always presented 600 dots during
both training and testing. The dot radius was set to 2 pix-
els, and the moving distance was set to 1 pixel per frame. To
manipulate task difficulty during training, motion coherence
ranged from 40% to 100%, indicating the percentage of the
dots moving coherently in the target direction instead of in
random directions. The color coherence ranged from 66%
to 100%, indicating the percentage of dots colored with the
target color as opposed to the opposite color. Notably, color
coherence was not systematically manipulated to create cur-
ricula but counterbalanced across trials. We chose this task
as coherence decreases typically affect humans’ performance
in the task, leading to increased error rates and thus increas-
ing the difficulty of the task (Baker et al., 1991; Lankheet &
Verstraten, 1995; Strittmatter et al., 2023, 2024).

The difference between the four training curricula was the
sequence in which the trials were presented. Similar to the
noise in the neural networks training, we manipulated the se-
quence of motion coherence in the ascending, hard, and ran-
dom curricula. In the ascending curriculum, we decreased the
motion coherence linearly from 100% to 40% coherence. For
the hard curriculum, we set the coherence to 40% through-
out the trials, and in the random curriculum, the motion co-
herence was the same as in the ascending but randomly or-
dered. In the bad curriculum, the trials again had the same
motion coherence as in the ascending condition, but the fea-
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ture pairing was blocked. For example, with the response-key
mapping “yellow-up“ and “blue-down“ to ‘F‘ and “yellow-
down“ and “blue-up“ to ‘J‘, the first half of trials contained
the pairings “yellow-up“ and “yellow-down“ (or “yellow-up“
and “blue-up“), while the second half contained the pairings
“blue-up“ and “blue-down“ (or “yellow-down“ and “blue-
down“, respectively). Thus keeping one feature dimension
constant in each subset parallel to the procedure described
for the neural networks. All possible feature subsets and
response-key mapping were counterbalanced between partic-
ipants. Additionally, as in the training of the neural network,
the proportion of trials from one subset decreased, while the
proportion of trials from the other subset correspondingly in-
creased over the training.
Procedure We randomly assigned participants to four dif-
ferent training curricula, with 50 participants per curriculum,
while all participants responded to the same test trials. We
instructed them to perform the task as accurately as possible
on each trial and that they could gain a bonus of 0.02$ dollar
per trial for accurate performance during the test trials. Next,
the participants had to respond to the colored RDKs. Impor-
tantly, the experiment comprised two phases: a training phase
and a testing phase. We presented 100 training trials and 16
test trials to participants.
Data Analysis We conducted the data analysis in R (R Core
Team et al., 2013). We first evaluated whether the differ-
ent training curricula affected participants’ accuracy and RT.
To estimate differences in accuracy between curricula during
testing, we ran a hierarchical logistic regression model using
the lme4 package (Bates et al., 2014), with the factor cur-
ricula as the independent variable and participants’ accuracy
as the dependent variable. A random intercept was applied
to control for the overall variability in accuracy between the
participants. We did not apply a random slope term as the
model with a random slope term did not converge. We used
the emmeans package to evaluate the pairwise comparisons
between all curricula (Lenth et al., 2018). Finally, and as
with the neural network simulations, we illustrated partici-
pants’ performance trajectory on their training sequences.

Results

Testing Figure 4 depicts the accuracy of human participants
in the test trials. We observed that participants were signif-
icantly more accurate during testing if they were previously
exposed to an ascending curriculum, compared to a hard, ran-
dom, or bad curriculum; ascending vs. hard: beta = .65; z =
3.58; p <.001; ascending vs. random: beta = .49; z = 2.69; p
= .007; ascending vs. bad: beta = .857; z = 4.72; p <.001).
Participants with the hard curriculum did not significantly dif-
fer in accuracy during testing compared to the random and to
the bad curriculum (hard vs. random: beta = -.16; z = -.89; p =
.373; hard vs. bad: beta = .21; z = 1.16; p = .244). Participants
with the random curriculum achieved significantly higher ac-
curacies during testing than the bad curriculum (random vs.

bad: beta = .37; z = 2.05; p = .040).

Figure 4: accuracy on hard test trials for human participants previ-
ously training on four different curricula.

Training Figure 5 depicts the accuracy of human partici-
pants in the training trials. Note, to reduce noise and cal-
culate accuracy estimates on the participant level, we binned
the training trials in bins of 20 trials to analyze the accuracy
during training. The upper panel in Figure 5 illustrates the
average accuracy for every bin and for each curriculum. Sim-
ilar to the procedure for the neural networks, we then split
the participants into a high-achieving group (above 65% ac-
curacy) and a low-achieving group (below 65%). The lower
panel of Figure 5 depicts the training trajectories when split-
ting the groups based on the accuracy of the final 20 train-
ing trials. Note, here we also report the proportion of par-
ticipants that reached above threshold accuracy on test trials.
Most participants in the ascending curriculum exceeded the
accuracy threshold in the final 20 training trials (72% of the
group) and testing (60%). In the hard curriculum, only 24%
met the threshold during training and 30% during testing. In
the random curriculum, 46% reached the threshold in train-
ing and 40% in testing. The bad curriculum had the second-
highest training accuracy during the final 20 trials (63%) but
the fewest participants who performed above the threshold
during testing (16%).

Discussion: Human Participants
The behavioral results from human participants qualitatively
align with the findings from the neural network simulations.
Notably, we not only replicated the superior performance of
participants exposed to the ascending curriculum compared
to those in the hard and random curricula but also observed
similarly poor performance in the bad curriculum. This sim-
ilarity extends beyond average trends, as both humans and
networks exhibited comparable splits into high- and low-
achieving groups.

As in the network simulations, discrepancies in the propor-
tions of high-achieving participants between the final training
trials and the test trials emerged in the bad and random curric-
ula but not in the ascending and hard curricula, demonstrat-
ing strikingly similar patterns. These findings suggest that the
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Figure 5: Participants’ average accuracy for each curriculum con-
dition as a function of training trials, with 20 trials per bin (a) and 4
trials per bin (b).

underlying mechanisms driving failure in the bad curriculum
were comparable in humans and networks—specifically, par-
ticipants performed well on one feature subset while failing
to retain the other. However, it is important to note that, un-
like in networks, we did not assess the long-term impact of
training on humans. This remains an open question for future
research.

General Discussion
We conducted this study to evaluate potential similarities and
differences between neural networks and humans in curricu-
lum learning when learning on a single task. Specifically,
we first trained neural networks on four different curricula—
ascending, hard, random, and bad—and assessed their per-
formance during a subsequent hard testing phase. We then
applied the same curricula to human participants to investi-
gate whether similar patterns emerged.

Our results indicate that both humans and networks ben-
efited from an ascending curriculum compared to the hard
and random conditions. As expected, the bad curriculum,
a blocked design meant to hinder learning for neural net-
works (cf. Flesch et al., 2018), led to poor network perfor-
mance. Interestingly, contrary to previous studies suggesting
that blocked learning benefits human learning (e.g., Flesch et
al., 2018), in our task design, humans also performed poorly
on this curriculum.

A key distinction between our study and previous research

on blocked learning is the nature of the tasks being acquired.
Prior studies typically examine the learning of multiple inde-
pendent tasks or stimulus sets presented in a blocked fashion.
In contrast, while our XOR task may superficially appear to
involve learning two separate tasks, successful performance
requires the integration of both task components rather than
treating them as independent units. As a result, the structured
benefits of a blocked design, which typically facilitate the ac-
quisition of distinct tasks, might not emerge in this context.

Importantly, analyzing training performance in relation to
test performance allowed us to generate new hypotheses re-
garding the factors that contribute to success or failure in
both humans and neural networks. First, our findings indi-
cate that differences in learning outcomes are at least par-
tially driven by shifts in the proportion of high-achieving ver-
sus low-achieving learners, replicating results from Mannelli
et al., 2024. Second, by examining discrepancies between
training and test performance—most pronounced in the bad
curriculum—we observed that humans exhibit similar pat-
terns of catastrophic forgetting as neural networks. How-
ever, while we demonstrated that the detrimental effects of the
bad curriculum persist over time in neural networks, we did
not conduct a corresponding long-term experiment for human
participants. Investigating this further would be a valuable fu-
ture direction, as it remains possible that introducing even a
small number of interleaved trials after blocked training in the
XOR task could mitigate or even reverse the negative impact
on learning outcomes.

A notable limitation of this study is that, while we applied
neural network-inspired curricula to human participants, we
did not explicitly model the neural networks to align with
human behavior. Additionally, we do not provide a mecha-
nistic explanation for why either humans or networks exhibit
the observed learning patterns. Mannelli et al., 2024 offers
a starting point for such an investigation by demonstrating
that the effects of curriculum learning emerge only in parsi-
monious neural networks and not in deep neural networks.
Yet, describing the human brain as parsimonious is not bio-
logically plausible, and the only inference we can confidently
draw from these comparisons is that the brain must be sub-
ject to certain constraints. However, further work is required
to shed light into the similarities of parsimonious neural net-
works and human learning.

Taken together, our findings reveal striking similarities in
curriculum learning between humans and parsimonious neu-
ral networks. Our results also highlight promising directions
for future research, particularly regarding the long-term im-
plications of different curricula and the underlying mecha-
nisms driving the observed learning effects. A deeper under-
standing of these mechanisms could have important implica-
tions for both educational curricula and the development of
optimized training sequences for more efficient neural net-
works.
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