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Abstract

While Al assistance can improve human task performance in the
short term, it may also undermine the development of skills in the
longer term. We examine this tension in a controlled logic-puzzle
experiment involving on-demand Al assistance, where participants
complete tasks before, during, and after Al is available. By exper-
imentally varying Al request costs, we find that lower-cost assis-
tance induces more frequent Al use. We also find that participants
who request Al assistance during the Al-access phase perform
worse at the task after assistance is removed, and their subsequent
unassisted performance is overestimated when predicted from ear-
lier Al-assisted performance. We use a Bayesian latent ability model
to separate initial ability, post-Al ability, and participant-specific
skill change, while estimating how independent reasoning during
the Al-access phase relates to skill development. The results show
that greater independent problem-solving effort is associated with
larger gains in latent ability, consistent with the interpretation that
skill development is weaker when Al assistance substitutes for
independent reasoning.
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1 Introduction

As Al systems become increasingly used as aids in everyday cog-
nitive activities, an important question is not only whether they
improve human cognitive performance but also whether they pro-
mote or hinder skill development. While Al assistance can improve
immediate task performance in the short term [8, 15], it may also
alter the degree to which people engage with a cognitive task. In
particular, one significant concern is that readily available Al assis-
tance could reduce the need for sustained independent reasoning
and encourage humans to offload cognitive effort to the Al system
[3, 17, 24]. This creates a central tension in Al-assisted cognition:
the same assistance that helps users solve problems in the short
run may weaken the development of the underlying skills needed
to solve similar problems independently in the future.

This tension is especially important in settings where learning
depends on active engagement. Skill development requires repeated
opportunities to reason, test strategies, revise mistakes, and inter-
nalize problem structure [1]. If Al assistance provides a substitute
for these processes, humans may appear to be successful at a task
while the assistance is available, but have weaker performance once
the assistance is removed [19, 35]. At the same time, Al use is not
necessarily harmful in itself. Humans may request assistance while
still engaging deeply with the task, and the consequences of Al
use may depend on whether it complements or replaces indepen-
dent problem-solving effort [18, 23, 25]. Understanding the effect
of Al on learning, therefore, requires distinguishing between (a)
the frequency of Al use, and (b) how users use it.

We study this issue through a controlled logic-puzzle experi-
ment that tracks skill development across three phases: Phase 1,
an initial Al-free assessment; Phase 2, an intermediate phase in
which Al assistance may be available; and Phase 3, a final Al-free
assessment (see Figure 1). During Phase 2, participants can request
Al assistance on demand. We experimentally vary the costs of Al
requests across conditions to induce different levels of Al engage-
ment across participants. By comparing participants’ performance
in Phases 1 and 3, the design allows us to examine how the cost
of Al shapes reliance behavior and how participants’ engagement
with AI during Phase 2 relates to subsequent performance after
assistance is removed.

We investigate relationships between various factors related to
individual behavior and performance by fitting a Bayesian latent
ability model that treats pre- and post-Al accuracy and response
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Figure 1: Overview of the three-phase study design. Partici-
pants completed Phase 1 and Phase 3 without simulated Al
assistance, providing pre- and post-Al measures of unassisted
performance. During Phase 2, participants were assigned ei-
ther to a no-Al control condition or to an Al-access condition
with experimentally varied Al request costs.

time as indicators of underlying ability, and that models changes in
skill levels as a function of observed behavior, performance mea-
sures, and initial ability. Our findings suggest that weaker short-
term skill development is associated with Al assistance that dis-
places independent reasoning. Lower-cost access leads participants
to use Al more frequently, and participants who request Al perform
worse once assistance is removed. The Bayesian model further sug-
gests that short-term skill development is associated less with how
often participants request Al help and more with whether they
continue to engage in independent reasoning. Participants who
devote more effort to independent problem solving show greater
gains in latent ability, whereas the frequency of requests for Al
assistance is not associated with gains in skill development after
accounting for initial ability and independent effort.

This paper contributes to research on human-AlI interaction by
adding nuance to how Al assistance affects learning. Our findings
suggest that, in a controlled logical puzzle task, the central issue is
not Al use itself, but whether assistance displaces the independent
reasoning through which skills are built. This distinction is par-
ticularly important in educational and training settings, where Al
support should ideally improve current task performance without
weakening future problem-solving ability.

2 Related Work

Although a large body of work examines human-AI complemen-
tarity in joint decision-making contexts [5, 31, 36], recent studies
have begun to investigate how Al assistance influences subsequent
performance once it is no longer available. A common approach
uses pre- and post-assessment designs to compare behavior be-
fore Al exposure, during Al-assisted work, and after assistance is
removed. In mathematical reasoning and reading-comprehension
tasks, Liu et al. [19] find that Al assistance improves short-run per-
formance but reduces persistence and impairs later independent
performance. In programming, Shen and Tamkin [25] show that
Al assistance can weaken conceptual understanding, code reading,
and debugging skills, while also documenting cognitively engaged

Wu et al.

interaction patterns that preserve learning. Related evidence from
writing tasks suggests that LLM assistance may reduce cognitive
engagement and weaken later unaided performance [16]. These
findings are consistent with broader work on Al as a “tool for
thought”, which emphasizes that Al systems can either scaffold
reasoning or automate cognitive steps that users would otherwise
perform themselves [33]. Together, these studies suggest that Al-
assisted success does not necessarily translate into durable skill
acquisition, and that AI’s effects on human learning are context-
dependent. Our work adds to this growing literature by focusing on
whether learners continue to spend time on independent problem-
solving during periods when Al assistance is available, and how
this independent effort relates to subsequent skill development.
One mechanism linking Al assistance to skill development is
cognitive offloading: the use of external tools to reduce internal cog-
nitive effort [24]. Offloading can improve immediate performance,
but it may also reduce learning when externally supported opera-
tions replace the reasoning, memory, or problem-solving processes
through which skill is acquired [12, 26]. This connects directly to
work on Al reliance, which studies when users request, accept, re-
ject, or defer to Al assistance [13, 21]. Prior work shows that reliance
depends on features of the task environment, such as Al accuracy,
timing, and time pressure [4, 22, 32]. Reliance, however, is not neces-
sarily harmful: on-demand assistance can act as a cognitive forcing
mechanism that reduces over-reliance [3], and learning-oriented
assistance can be beneficial when it scaffolds understanding rather
than allowing users to bypass the task [2, 8]. Thus, a key distinc-
tion is not simply whether users rely on Al but whether AI use
preserves or displaces the cognitive work needed for learning.
Prior work also suggests that the consequences of Al assistance
depend on how the system changes the user’s role in the task. In
chess, Poulidis et al. [23] show that the effects of Al assistance
depend on whether it prescribes actions or instead directs users’
attention, reinforcing the distinction between Al that substitutes
for vs. complements human reasoning. In our earlier work [35],
we explored the role of Al informativeness and usage in logical
reasoning. In this paper we build on this framework to focus more
directly on the behavioral mechanisms linking Al assistance to skill
development. Specifically, we distinguish between the frequency
and timing of Al requests and the extent to which participants
preserve independent problem-solving effort when assistance is
available. In this context, we develop a Bayesian latent ability model
that allows us to disentangle the different factors affecting skill
development over time. This allows us to examine whether weaker
subsequent learning is better explained by Al use itself or by the
displacement of independent reasoning during the Al-access phase.

3 Experiment

To understand how Al assistance affects human skill development,
we conducted a controlled user study in the specific context of
solving logic puzzles under time constraints, where participants
could autonomously request Al assistance while solving problems.
By experimentally varying the cost of Al requests, the design allows
us to examine how different help-seeking environments shape Al
engagement, task performance, and learning.
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3.1 Task Description

We build on a logic-puzzle paradigm used in prior work on Al-
assisted skill development [35], but modify the Al assistance format
to allow for cost-driven help-seeking. In each problem, participants
were presented with six objects and a set of five logical constraints
that jointly define a unique ordering (Figure 2a). Participants solved
the problem by arranging the six objects according to these con-
straints. An answer was deemed correct (from the user’s perspec-
tive) only if all six objects were placed in the correct positions.
Participants could submit up to two attempts per problem. After
the first attempt, participants received feedback indicating the num-
ber of correctly positioned objects, but not which specific objects
were correctly positioned. Given this feedback, participants could ei-
ther revise and resubmit their response or accept the initial attempt
as final and proceed to the next problem. The correct solution was
revealed after each problem to facilitate learning across problems.

While more open-ended and more realistic tasks could in princi-
ple be used in a study like this, this more controlled setting reduces
variability in terms of prior human knowledge and supports a
clearer focus on problem-solving behavior under optional Al assis-
tance. The task was designed to be intuitive for participants without
specialized training, while still requiring logical reasoning under
time constraints, reflecting decision settings in which both speed
and accuracy are important. In addition, some objects contained re-
curring visual markers that were associated with specific positions,
providing hidden structural cues that participants could learn to
exploit across problems.

The study employed a three-phase design that separates baseline
performance, Al-assisted task completion, and post-assistance per-
formance, allowing us to examine how Al request costs relate to Al
usage patterns and subsequent skill development (Figure 1). Phase
1 served as a pre-Al assessment and lasted 8 minutes or until partic-
ipants completed at least four problems. Phase 2 lasted 20 minutes
and introduced the experimental conditions, including optional Al
assistance under different costs as described below in Section 3.2.
Phase 3 mirrored Phase 1 as a post-Al assessment without Al assis-
tance. Problem order was randomized within each phase to mitigate
confounding effects of problem difficulty on learning.

Participants earned one point for each correctly solved problem.
During Phase 2, points were deducted for each Al request according
to the assigned condition. Bonus payments were calculated at $0.15
per point in Phases 1 and 2 (up to $2 total) and $0.18 per point in
Phase 3 (up to $1.5).

3.2 Conditions

We used a between-subjects design in which participants were
randomly assigned to one of three conditions that varied the avail-
ability and cost of Al assistance during Phase 2. Al assistance was
available only in Phase 2, and participants in Al-available condi-
tions could request it at any time while solving the puzzles. Each
request revealed the location of one randomly selected object and
incurred a condition-specific point deduction, creating a trade-off
between obtaining help and maximizing rewards. Participants were
informed of the applicable Al request cost structure in the instruc-
tions before starting the study.
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Figure 2: User-interface examples from the logic-based puzzle
task

Figure 2b shows the user interface for an Al-enabled condition.
This interface is representative of all Al-enabled conditions, which
share the same interaction design and differ only in the cost of Al
requests. Participants could click “Get Al help” to reveal the location
of a randomly selected object in the puzzle. Each request updated
the right-hand panel by incrementing the number of assists and
the deducted points.

Participants were randomly assigned to one of the following
conditions:

e No-AI: No Al assistance was available, and the Al panel was
not shown (see Figure 2a).

o Low-cost AI: Each Al request incurred a 0.1-point deduction.

e High-cost AI: Each Al request incurred a 0.18-point deduc-
tion.

To ensure that variation in Al quality did not confound the ef-
fect of Al cost on participants’ help-seeking behavior, we fixed
the simulated AI agent to be perfectly correct (100%). Under this
design, each Al request consistently returned the correct location
of a randomly selected object, allowing us to attribute behavioral
differences across Al-access conditions to request cost rather than
output quality. This design choice aligns with prior work in hu-
man-Al interaction that uses simulated agents to isolate specific
behavioral mechanisms (e.g., [3, 8, 27, 34]). Participants were not
informed of the AI’s accuracy and were instructed only that AI
assistance would be available during Phase 2 at a cost.
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3.3 Procedure

After providing informed consent, participants were randomly as-
signed to one of the three conditions and presented with task in-
structions. To ensure task understanding, participants completed
two comprehension checks, and only those who passed both pro-
ceeded to the main study.

The main study consisted of three sequential phases, separated
by short breaks, during which participants completed a set of logic
puzzle problems under their assigned condition. To monitor data
quality during task performance, an attention check was embedded
in Phase 2. After completing all phases, participants completed a
short post-study survey about their experience, perceived effort,
strategy use, prior task familiarity, and, when applicable, their per-
ceptions and timing of Al use (see Supplementary Material B.1 for
details).

3.4 Participants

We recruited 150 English-speaking adults (18+) via Prolific, re-
stricted to adults residing in the U.S. with at least an undergraduate
degree. We excluded 26 participants: 1 failed the attention check,
14 showed inattentiveness (off-screen for > 5 seconds on over three
problems), 8 had inconsistent self-reported and logged Al use, 2
were extreme time outliers, and 1 showed low-effort responses with
near-zero accuracy.! The final sample consisted of 124 participants
(42 No-AI 43 Low-cost AL 39 High-cost Al).

Participants received $9 for participation (median completion
time: 56 minutes) and could earn up to an additional $3.50 in
performance-based bonuses. The study was approved by the Insti-
tutional Review Board (IRB) at the University of California, Irvine
(protocol #7206).

The final sample consisted of 124 participants with a mean age
of 40 years (SD = 12). The sample included 59 male participants, 64
female participants, and 1 participant who preferred not to disclose
gender. In terms of education, 66 participants held an undergraduate
degree and 58 held a master’s degree or higher.

3.5 Measures

We study both observed task performance and latent skill develop-
ment. For observed performance, we use accuracy, defined as the
number of objects (0-6) placed in the correct position for a problem,
and response time, measured in seconds. Both are computed per
participant for each of the 3 phases, averaging over the different
problems that a participant attempted during a phase. To summa-
rize the speed-accuracy tradeoff, we also compute reward rate,
as used in cognitive modeling [30]. For each participant in each
phase, reward rate is defined as the average accuracy divided by
the average response time, in units of correct objects per minute,
where higher values indicate better performance.

To characterize reliance on Al during Phase 2, we measure Al
usage as the total number of assistance requests made by a partici-
pant. We also measure independent problem-solving effort using
solo share. At the problem level, this measure is defined as the

1Off-screen time is total problem time minus active on-screen time. Inconsistent Al-use
reporting refers to disagreement between post-study reports and usage logs. The low-
effort participant expressed dislike for the study and answered randomly throughout.
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fraction of response time spent working independently before re-
questing Al assistance. If no Al assistance is requested, the time
until final submission is counted as the time working indepen-
dently. Participant-level solo share is then defined as the average
problem-level solo share across Phase 2 problems.

In Section 4.1 we use reward rate, accuracy, and response time
to empirically summarize performance, to characterize Al reliance
behavior, and to examine whether Phase 2 performance predicts
subsequent unassisted performance differently across levels of Al
use. Our Bayesian analyses in Section 4.2 use Phase 1 and Phase 3
performance as observed signals of latent ability, and use Phase 2
solo share as the main behavioral measure to predict the final
(Phase 3) skill levels of participants, both with and without AI
assistance.

4 User Study Results

We begin below with a high-level summary of results from our user
study, followed by a more detailed Bayesian analysis to quantify
the effect of Al assistance on skill development at both individual
and population-wide levels.

4.1 Empirical Findings

Skill Development: To examine whether participants in general
showed task-specific skill improvement over time, we show in
Figure 3 the average reward rate across phases for participants who
did not request any Al assistance. The unassisted task performance
of this set of participants improved substantially from the pre-
Al assessment (Phase 1) to the post-Al assessment (Phase 3). The
mean reward rate increased from 2.03 correct objects per minute in
Phase 1 to 3.86 in Phase 3, corresponding to a 90.2% increase in the
number of correct objects per minute (N =75, t = 7.40, p < 0.01),
illustrating substantial short-term improvement in participants’
skills on this task.

Effects of Al-cost condition: We next examine the effects of the
randomized Al-cost manipulation. Phase 1 reward rates were well
balanced across conditions (ANOVA: F = 0.20, p = 0.82). As shown
in Figure 4, participants in the Low-cost Al condition made signifi-
cantly more Al requests during Phase 2 than those in the High-cost
AI condition (6.67 vs. 3.33 requests; one-sided Welch test: t = 1.48,
p < 0.10). From Phase 1 to Phase 3, reward rate increased by 1.95
in the No-AI condition, 1.66 in the High-cost AI condition, and 1.32
in the Low-cost Al condition; the increase was smaller in the Low-
cost Al than in the No-AI condition in a one-sided ¢-test (¢t = 1.30,
p < 0.10). In Phase 3, accuracy did not differ across conditions
(ANOVA: F = 0.097, p = 0.91), while response times were longer
in the Low-cost AI condition (M = 111.81s, SE = 6.13) than in the
High-cost AI (M = 86.78s, SE = 4.18; p < 0.01) or No-AI condition
(M = 92.21s, SE = 4.88; p = 0.01).

Post-AI Performance: Descriptively, participants who requested
Al assistance in Phase 2 had a lower average reward rate (3.42
correct items/minute) in Phase 3 (where no Al assistance was avail-
able) compared to the average reward rate in Phase 3 (3.86 correct
items/minute) of participants who did not request Al in Phase 2. To
explore this further, we use a regression model to predict Phase 3
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reward rate as a function of Phase 2 reward rate and find that pre-
dictions are systematically biased by Al use. Specifically, as shown
in Figure 5, for participants who did not request Al Phase 3 perfor-
mance was underestimated by 0.15 reward-rate units on average. In
contrast, for Al users, Phase 3 performance was overestimated by
0.22 reward-rate units on average. In other words, the apparent per-
formance of participants while using Al (in Phase 2) systematically
overestimates their subsequent performance when conducting the
task on their own without Al assistance (in Phase 3).

These patterns suggest that Phase 2 Al-use behavior is associated
with differences in short-term skill improvement from the pre-Al
phase (Phase 1) to the post-Al phase (Phase 3). We investigate
these relationships further below via a Bayesian modeling approach,
separating initial ability, post-Al ability, and latent skill change
while incorporating Phase 2 Al usage behavior.

4.2 Bayesian Analysis

We use a Bayesian model to infer latent individual ability and skill
development, conditioned on observed individual-level data (accu-
racy, response time, Al usage, solo share) across the three experi-
ment phases. This approach follows a long tradition in education
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and psychometrics in modeling ability as a latent trait inferred from
observed performance [7, 20]. It is useful in our setting because
observed performance is a noisy proxy for ability: accuracy and
response time provide complementary signals, and the same ob-
served Phase 3 performance can correspond to different amounts of
learning depending on participants’ Phase 1 baseline performance
and Phase 2 Al reliance behavior. A Bayesian latent ability frame-
work allows us to separate initial ability from post-Al ability and
participant-level skill change, while propagating uncertainty in
both individual- and population-level quantities. In particular, we
use the model to infer each participant’s individual latent initial
ability, latent post-Al ability, and latent skill change, as well as
to estimate how short-term skill change is associated with inde-
pendent problem-solving effort in Phase 2. We outline below the
structure of the model in correspondence with the three phases of
the experiment. We standardize all observed performance measures
prior to fitting the model to improve the interpretability of coeffi-
cients across variables measured on different scales [10, 11], and
we use weakly informative priors as outlined in the Supplementary
Material A.1.

4.2.1 A Bayesian latent ability model of short-term skill develop-
ment, with and without Al assistance. Beginning with Phase 1 (pre-
Al initial assessment), for individual i, let 8;; denote latent initial
ability, with a prior 8;; ~ N (0, 1). We model an individual’s Phase 1
outcomes (accuracy A;; and log response time R;;) as conditionally
independent noisy functions of their latent ability 6;:
At | 031, pa, 04 ~ N (pa + 031, 04) i
Ri1 | 0ir, pir, or ~ N (pir = 011, 0%) )
where the effect of 0;; is reversed for the two variables (in terms
of the signs in the mean terms) to reflect the expectation that higher
values of ability will correspond (on average) to higher accuracy
and to lower response times. Here, p14 and ug are measurement
intercepts for accuracy and log response time, respectively, and o4
and op capture residual measurement variation. Because A;; and
R;; are phase-level measures aggregated over the problems com-
pleted by each participant, the model does not separately estimate
problem-level effects. Problems were designed to be comparable in
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difficulty and their order was randomized within each phase, so any
remaining variation in problem difficulty, order, or the number of
problems completed is treated as part of the residual measurement
variation. These population-level parameters are inferred jointly
during Bayesian inference along with the individual-level latent
abilities and skill changes introduced below.

For Phase 2, where Al is available to some participants, we
use solo share Solo; as the observed behavioral measure in our
main model, where Solo; is the participant-level fraction of Phase 2
problem-solving time that participant i spends reasoning indepen-
dently prior to (or without) Al assistance (see Section 3.5). We model
participant-specific latent skill change, §;, as a function of initial
ability and the Phase 2 engagement measure Solo;:

5,‘ | 9,‘1,8010,‘ ~N (0{0 + (199,‘1 + 0{50105010,', 0'5) . (2)

Since §; is not constrained to be positive, the model can accommo-
date either skill improvement or skill decline after Al assistance.
The intercept o, represents the expected latent skill change for
a participant with average initial ability and average solo share.
The coefficient oy allows latent skill change to vary with initial
ability, accounting for the possibility that lower- and higher-ability
participants have different room to improve or learn at different
rates (e.g., allowing for saturation effects for individuals with very
high initial ability). The a5, coefficient captures the association
of independent reasoning with latent skill change, conditioned on
initial ability. Note that because solo share reflects observed partic-
ipant behavior rather than a randomized treatment, this coefficient
should be interpreted as associational rather than causal. The pa-
rameter o reflects residual heterogeneous variability in latent skill
change that is not explained by initial ability or solo share. An
alternative option would be to model latent skill change using Al
usage as a Phase 2 behavioral predictor, either in addition to or
instead of solo share. We use solo share in the main model because,
as shown later, it led to better held-out predictive performance than
Al request frequency.

For Phase 3, where Al is not available (as in Phase 1), let A;3
denote Phase 3 accuracy and R;; denote Phase 3 log response time.
Phase 3 outcomes are modeled analogously to Phase 1, i.e., as noisy
functions of an individual’s latent Phase 3 ability 6;3:

Aiz | O3, pia, 04 ~ N(pa + 0i3,04)

3
Ris | 0i3, pir, or ~ N (pir — 0i3, 0r) ®)

We model an individual’s latent ability 6;5 as the deterministic sum
of their initial ability 8;; offset by the individual’s change in ability
i, 1.e., O3 = 01 + 8;, where posterior uncertainty about 6;s is driven
by uncertainty about 6;; and &;.

We summarize the overall structure of the Bayesian model as a
directed graphical model in Figure 6, where shaded nodes denote
observed variables and unshaded nodes denote latent variables and
unknown parameters in the model. The nodes inside the plate re-
flect replication over the N participants, where nodes inside the
plate are at the individual level (with subscript i) and are indepen-
dent (across the N individuals) conditioned on the population-level
parameters outside the plate. The accuracy A and response time
R in Phases 1 and 3 depend on the corresponding latent abilities
0;1 and ;3 for these Phases. The dependence of 6;3 on §; and 0;;
represents the latent transition from initial ability to post-Al ability.
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Figure 6: Bayesian model of latent skill development. Phase 1
and Phase 3 accuracy and response time are modeled as
noisy measurements of latent abilities 0;; and 0;3. Participant-
specific skill change §; depends on initial ability and solo
share. Shaded nodes are observed variables, unshaded nodes
are latent variables or unknown parameters, and the plate
denotes participantsi =1,...,N.

Finally, latent ability change, J;, is modeled as a function of initial
ability 6;; and solo share, allowing the model to capture associ-
ations between individual skill development and the amount of
independent reasoning participants engage in during Phase 2. The
graphical model represents the probabilistic dependencies assumed
in the model and is not intended as a causal model of how Phase 2
behavior affects skill change. We note that the model does not in-
clude variables for observed participant Phase 2 accuracy A;; or
response time R;;. We omit these measures to keep the specification
focused on whether Phase 2 independent reasoning is associated
with subsequent latent skill change beyond initial ability, rather
than modeling Phase 2 task performance directly.

Given the model described above, Bayesian inference proceeds
by conditioning on D = {A;1, Ais, Ri1, Ris, Soloi}ﬁ\il, and estimating
the joint posterior distribution over all unknown quantities. Be-
cause the likelihood and priors do not yield a conjugate closed-form
posterior, we approximate the posterior using Markov Chain Monte
Carlo (MCMC) (see implementation details in Supplementary Mate-
rial A.2). Standard MCMC diagnostics indicated satisfactory conver-
gence, and we additionally assess model fit using posterior predic-
tive checks and the uncertainty of held-out predictive comparisons;
details are reported in Supplementary Material A.3.

We note that the randomized Al-cost condition (low-cost, high-
cost) affects participants’ opportunities and incentives to request
assistance, and this condition could be modeled as an upstream
parent of solo share in the model. Because the primary specifica-
tion conditions directly on this observed behavioral measure, we
omit the condition node from the graphical model in Figure 6 for
simplicity. In Supplementary Material A.4 and Supplementary Ma-
terial A.5, we report the results of alternative model specifications
that add Al-cost condition controls and that replace solo share with
Al usage, and find that these alternative model specifications do
not add any additional explanatory power to the model.
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Figure 7: Posterior modes and 95% credible intervals of
participant-specific latent ability changes, §;, ordered by pos-
terior mode. The vertical dashed line indicates zero change.

4.2.2  Independent reasoning is more predictive of short-term skill
development than Al request frequency. We summarize the results
obtained from the posterior samples after running MCMC inference
for the model described in Figure 6. Figure 7 visualizes the poste-
rior modes and 95% credible intervals of participant-specific latent
ability changes, ;. Almost all participant-level posterior modes are
positive, indicating positive estimated skill development for most
participants. This is consistent with the earlier empirical observa-
tions of skill development at the population level in Figure 3. The
credible intervals are wide, indicating substantial uncertainty and
heterogeneity in individual-level skill development, but nonetheless
broadly indicate positive skill gains.

The posterior distributions of the three population-level coeffi-
cients in the latent ability model are shown in Figure 8. The pos-
terior distribution of the average expected latent skill change, ag,
is positive: for a participant with average initial latent ability and
average solo share, the expected latent ability change is oy = 0.668,
with 95% CI [0.485, 0.851]. Because latent ability is measured jointly
through accuracy and response time, a positive gain corresponds
to improved accuracy and/or faster responses in the post-Al assess-
ment. Figure 8b shows that the coefficient ay linking latent skill
change to initial ability is strongly negative, with an expected pos-
terior value of —0.531 and 95% CI [—0.756, —0.307], with posterior
probability P(ag < 0) = 1.000. This indicates that participants with
lower initial latent ability tend to show larger gains, consistent with
greater room for improvement among initially lower-performing
participants.

Importantly, Figure 8c shows that solo share is positively as-
sociated with latent skill change. The posterior mean of &, is
0.125, with 95% CI [0.002, 0.246] and posterior probability P(aslo >
0) = 0.977. Thus, participants who spent more time independently
solving problems (without Al assistance) during Phase 2 exhibited
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Figure 8: Posterior distributions of latent ability regression
coefficients. Histograms show posterior draws; orange solid
lines denote posterior means, orange dotted lines denote 95%
credible intervals, and black dashed lines mark zero.

larger gains in latent ability from the pre-Al to the post-Al assess-
ment. To interpret the magnitude of this association, we compute
a model-implied contrast between two otherwise average partic-
ipants whose Phase 2 solo share differs by one minute out of the
20-minute Al-access phase. Relative to the observed population
mean value of solo share, this one-minute difference corresponds to
a 1.5% increase in predicted Phase 3 accuracy and a 2.5% reduction
in predicted response time. Together, these results suggest that, in
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Table 1: Five-fold held-out prediction of Phase 3 unassisted
performance across Bayesian latent-ability models. The main
model uses Phase 2 solo share to predict latent skill change;
the condition model adds Al-cost indicators; the Al-usage
model replaces solo share with total Al requests; and the
constant-change baseline assumes identical expected skill
change across participants. Test LogL is the total held-out
log predictive likelihood (higher is better). MSE is the mean
squared prediction error for standardized Phase 3 accuracy
and log response time (lower is better).

Test Accuracy LogRT
Model LogLT MSE| MSE|

-329.94 0.809 0.850
-331.45 0.830 0.854
-332.96 0.831 0.882
-339.02 0.893 0.915

Solo share (main)

Solo share + Al-cost conditions
Al usage

Constant change (baseline)

this context, the key behavioral distinction is not how often partici-
pants use AL but how much independent reasoning they preserve
while using it. Participants who preserve more independent rea-
soning show greater short-term skill gains, consistent with weaker
skill development when Al assistance is accompanied by greater
cognitive offloading.

As an alternative specification, we also fit a model that replaces
solo share with Al usage, measured as the total number of assistance
requests during Phase 2 (see details in Supplementary Material A.5).
We find that Al usage is not associated with latent skill change after
accounting for initial ability, with a posterior for aysage centered at
a posterior mean of 0.0004, 95% CI [-0.122,0.124], and P(otysage >
0) = 0.501. Thus, in this setting, Al request frequency alone does
not appear to explain latent skill change. The results are consistent
with the hypothesis that time spent on independent reasoning is
more predictive of skill development than simple frequency of Al
use.

We further compare the main solo-share model discussed above
against three alternative specifications: a solo-share model with
direct Al-cost condition controls, a usage-only model that replaces
solo share with AI usage (the count of the total number of Al re-
quests), and a constant-change baseline in which all participants
share the same expected latent skill change, i.e., §; = a9, with no
participant-level effects for latent skill change. We evaluate the
four specifications using 5-fold cross-validation at the participant
level. In each fold, the model is fit on four-fifths of participants
and used to predict Phase 3 accuracy and log response time for the
remaining participants based on their Phase 1 performance and the
Phase 2 predictors included in the corresponding model. We evalu-
ate predictive performance using the total held-out log-likelihood,
where higher values indicate better overall predictive fit, and the
mean-squared error (MSE) for standardized Phase 3 accuracy and
log response time, where lower values indicate better point predic-
tion. Table 1 summarizes the results. The solo-share model achieves
the best predictive performance across all three metrics, with the
highest held-out log-likelihood and the lowest MSE for both ac-
curacy and log response time. Additional details of the evaluation
procedure are provided in Supplementary Material A.6.
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5 Discussion and Conclusion

This study examines the role of Al assistance in short-term, task-
specific skill development. In a controlled three-phase logic-puzzle
experiment, we find that lower-cost Al requests result in increased
AT use, and that participants who request Al assistance perform
worse after Al assistance is removed. Our Bayesian latent ability
model further suggests that skill development is more closely as-
sociated with the amount of independent reasoning participants
preserve during the Al-access phase than with Al request frequency
itself. These findings contribute to the growing literature on Al-
enabled deskilling, cognitive offloading, and learning. Prior research
shows that external support can improve immediate performance
while reducing the cognitive effort needed for later memory, rea-
soning, or skill formation [12, 24, 26]. More recent studies similarly
raise concerns that Al assistance can reduce persistence, weaken
conceptual understanding, or encourage cognitive disengagement
[6, 16, 25]. Our results suggest that, in this setting, the central is-
sue is not necessarily Al use per se, but how much independent
thinking participants preserve while Al assistance is available. The
practical implication is that AI systems should be designed not
only to improve immediate performance, but also to preserve users’
active engagement. Interfaces that encourage an initial attempt,
delay assistance, provide partial hints, or prompt reflection may
help users benefit from AI without fully offloading the independent
reasoning process.

This study also points to several directions for future work. Our
experiment uses a simulated Al assistant and focuses on short-term
skill development in a controlled logic-puzzle task, which helps
isolate the relationship between Al use, independent reasoning, and
subsequent unassisted performance. Future studies could examine
whether similar patterns persist over longer time horizons, in larger
and more diverse samples, and in more realistic domains such as
education, professional training, and other high-stakes settings. It
would also be useful to study how variation in Al accuracy, ex-
planation quality, and interaction design affects both immediate
performance and longer-term skill development. In addition, be-
cause the Bayesian model uses participant-level phase aggregates
rather than problem-level responses, it does not separately iden-
tify residual differences in problem difficulty or problem exposure,
providing another potential dimension for future studies.

In conclusion, our work suggests that weaker short-term skill
development is associated with greater Al use, particularly when
that use involves less independent reasoning. In the context of skill
development, designing Al systems that support rather than replace
human thinking may therefore be important for improving not
only immediate task performance but also subsequent unassisted
performance.
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A Bayesian Modeling and Inference Details

A.1 Prior specification

We use weakly informative priors for all parameters in the Bayesian
latent ability model. Because the observed performance measures
and predictors are standardized before model fitting, these priors
place coefficients on a common scale. For latent initial ability, we use
a standard normal prior, 8;; ~ N(0, 1). For the latent skill-change
component, we assign normal priors to the population-level regres-
sion coeflicients, ay, @, @solo ~ N(0, 1). We place an exponential
prior on the residual skill-change scale, o5 ~ Exponential(2). For
the measurement model, we use normal priors for the accuracy and
response-time intercepts, pa, ur ~ N(0, 1), and exponential pri-
ors for the residual standard deviations, o4, or ~ Exponential(1).
These exponential priors restrict scale parameters to positive values
and provide weak regularization toward smaller residual variation,
consistent with common recommendations for priors on scale pa-
rameters in hierarchical Bayesian models [9, 29].

A.2 MCMC inference

We fit the Bayesian latent ability model in Stan through the Python
interface CmdStanPy, using the No-U-Turn Sampler (NUTS), an
adaptive Hamiltonian Monte Carlo algorithm [14, 28]. For the main
specification, we run four chains, each with 1,000 warmup iterations
and 2,000 post-warmup sampling iterations, yielding 8,000 posterior
draws in total. We set the target acceptance probability to 0.99 and
the maximum tree depth to 12.

The model is estimated using a non-centered parameterization
for participant-specific latent skill changes, which improves sam-
pling efficiency in hierarchical models by separating the standard-
normal skill-change residuals from the residual skill-change scale.
Posterior summaries are computed empirically from the retained
MCMC draws. Specifically, posterior means are computed as the av-
erage of posterior draws, 95% credible intervals are computed using
the 2.5th and 97.5th posterior percentiles, and posterior probabili-
ties such as P(aso)o > 0) are computed as the fraction of posterior
draws satisfying the corresponding inequality. Participant-level
summaries of latent initial ability, post-Al ability, and latent skill
change are computed in the same way from the posterior draws of
91'1, 9,’3, and (S,:

A.3 Model Diagnostics and Predictive Checks

MCMC convergence. We assess MCMC convergence using stan-
dard sampling diagnostics. For the main solo-share model, all re-
ported R values are below 1.01, and the rank-normalized effective
sample sizes are satisfactory. We observe no divergent transitions,
and the tree-depth and E-BFMI diagnostics indicate no sampling
problems. Together, these diagnostics indicate satisfactory conver-
gence and mixing of the posterior samples.

Posterior predictive checks. We assess posterior predictive fit by
comparing observed Phase 1 and Phase 3 accuracy and log response-
time distributions with replicated outcomes from the posterior pre-
dictive distribution. The observed means of all four measures and
the standard deviations of three of the four fall within their corre-
sponding 95% posterior predictive intervals; the model somewhat
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overpredicts the dispersion of Phase 1 log response time. Over-
all, the model reproduces the central tendencies and most of the
observed dispersion well.

Uncertainty in cross-validation comparisons. In addition to the
aggregate held-out results reported in Table 1, we examine un-
certainty in predictive performance across held-out participants.
The mean held-out log predictive density per participant (stan-
dard error) is —2.661 (0.090) for the main solo-share model, —2.673
(0.090) for the solo-share model with Al-cost condition indicators,
—2.685 (0.090) for the Al-usage model, and —2.734 (0.088) for the
constant-change baseline. Thus, although the solo-share model has
the highest held-out predictive performance, the differences among
the specifications are modest. The cross-validation results therefore
provide additional predictive evidence in favor of the solo-share
specification.

A.4 Alternative specification with solo share
and Al-cost condition controls

As an alternative specification to the main solo-share model, we
allow the assigned Al-cost condition to enter the Bayesian latent
ability model directly in addition to solo share. This specification
tests whether the randomized condition explains additional varia-
tion in latent skill change after accounting for initial ability and solo
share. We use the no-Al condition as the reference group and define
two indicator variables: LowCost; = 1 for participants assigned
to the low-cost Al condition, and HighCost; = 1 for participants
assigned to the high-cost Al condition. The latent skill-change
component is then

6~ N (ao + ap0i1 + aiowLowCost; + apighHighCost; + ago10S0l0;,

The remaining measurement model is unchanged from the main
specification. Thus, Phase 1 and Phase 3 accuracy and log response
time are modeled as noisy measurements of latent ability, and post-
Al ability is defined as 6;3 = ;1 + J;.

The posterior estimates show that adding direct condition effects
does not provide clear additional explanatory information. The
coefficient for the low-cost Al condition is negative but highly
uncertain, ajoy = —0.084, 95% CI [—0.399, 0.225]. The coefficient
for the high-cost Al condition is positive but also highly uncertain,
Ohigh = 0.062, 95% CI [-0.238, 0.359]. Both credible intervals contain
zero. In contrast, the initial-ability coefficient remains strongly
negative, ap = —0.531, 95% CI [—-0.762, —0.304], consistent with
the main model. The solo-share coefficient remains positive but
is somewhat attenuated relative to the main specification, s, =
0.114, 95% CI [—0.017,0.245].

Overall, this alternative specification does not indicate that the
assigned Al-cost condition has an additional direct association with
latent skill change once initial ability and solo share are included.
This supports the main specification, which focuses on preserved in-
dependent reasoning during Phase 2 rather than modeling assigned
condition as a direct predictor of skill development.

A.5 Alternative specification with Al usage

As an alternative specification, we replace solo share with Al usage
in the Bayesian latent ability model. This specification tests whether
the total number of Al assistance requests explains latent skill

o).
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change, rather than the amount of independent reasoning preserved
during Phase 2. Let Usage; denote standardized Al usage, measured
as the total number of assistance requests made by participant i
during Phase 2. The latent skill-change component is then

51' ~N (ao + a99i1 + ausageUsagei, 0’5) .

The remaining measurement model is unchanged from the main
specification. Phase 1 and Phase 3 accuracy and log response time
are modeled as noisy measurements of latent ability, and post-Al
ability is defined as 0;3 = 01 + §;.

The posterior estimates show that Al usage does not explain
latent skill change. The coefficient on Al usage is essentially zero,
usage = 0.0004, 95% CI [~0.122, 0.124], with P(ttysage > 0) = 0.501.
Thus, higher request frequency is not associated with either higher
or lower latent skill change after accounting for initial ability. The
initial-ability coefficient remains negative, agp = —0.495, 95% CI
[-0.725,-0.268], consistent with the main specification and indi-
cating that participants with lower initial latent ability tended to
show larger skill gains.

Overall, this alternative specification suggests that latent skill de-
velopment is not explained by Al request frequency itself. Together
with the main solo-share model, this supports the interpretation
that the relevant behavioral signal is the extent to which partici-
pants preserved independent reasoning during Phase 2, rather than
how often they requested Al assistance.

A.6 Held-out model evaluation

We compare four Bayesian latent ability model specifications. The
first is the main solo-share model described in Section 4.2.1, in which
latent skill change depends on initial latent ability and Phase 2 solo
share. The second adds direct Al-cost condition controls to the
solo-share model, as described in Supplementary Material A.4. The
third is the Al-usage model in Supplementary Material A.5, which
replaces solo share with the total number of Al requests. The fourth
is a constant-change baseline, in which all participants share the
same expected latent skill change, §; = a, so post-Al ability differs
only through baseline latent ability and measurement noise.

We evaluate these specifications using 5-fold held-out prediction
of Phase 3 outcomes. In each fold, the model is fit using only the
four-fifths of participants assigned to the training fold. For these
training participants, the model observes the Phase 1 performance
measures, Phase 3 outcomes, and any behavioral predictors used
by the corresponding specification. The remaining one-fifth of par-
ticipants are excluded from model fitting entirely. After fitting,
we use only the held-out participants’ prediction inputs to com-
pute posterior predictive distributions for their Phase 3 outcomes.
These inputs are Phase 1 performance and solo share for the main
solo-share model; Phase 1 performance, solo share, and condition
indicators for the condition-control model; Phase 1 performance
and Al usage for the usage-only model; and Phase 1 performance
only for the constant-change baseline.

The primary evaluation metric is held-out log likelihood, which
measures out-of-sample predictive accuracy by evaluating the pos-
terior predictive probability assigned to held-out observations. For
each held-out participant, we compute the log predictive probability
of the observed Phase 3 accuracy and log response time under the
posterior predictive distribution, averaging over posterior draws
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from the model fit on the training fold. We then sum this quantity
across held-out participants and folds, with higher values indicating
better predictive fit. We also report held-out mean squared error
(MSE), computed by comparing posterior mean predictions with the
observed held-out Phase 3 accuracy and log response time; lower
MSE values indicate better point prediction.

As reported in Table 1, the main solo-share model achieves the
highest held-out log likelihood and the lowest held-out MSE for
both Phase 3 accuracy and log response time. Thus, the held-out
results favor the solo-share model on overall predictive fit.

B Experiment Details

B.1 Post-Study Survey

After completing the three-phase study, participants were asked to
fill out a short post-study survey. This survey was originally used in
the pilot study to gather feedback and adjust the game settings, and
we kept it in the main experiments for consistency. In the analyses
reported in this paper, we only use responses from participants in
Al conditions regarding whether they reported using Al assistance,
comparing these with actual usage logs to identify inconsistent
behavior as a filtering condition. No other survey responses were
used in our analyses.

The survey content is shown below.

Questions with 5-point Likert scale response options: Strongly
Disagree, Disagree, Neutral, Agree, and Strongly Agree:

o I found the game to be boring.

o I felt confident in my performance throughout the game.

o I put in considerable effort to achieve my level of perfor-
mance.

e I developed a strategy to improve my performance during
the game.

e Ifind seeing the correct solution for each problem helps me
learn.

e I've had prior experience with a similar task.

Two optional free-response questions:

¢ Did you notice any hidden rules during the game? If so,
please describe them. Additionally, please share the strategy
you used while solving the puzzles.

o Please share your overall experience with the game and any
suggestions for improvement.

For participants in Al assistance conditions, we further asked:

e Rate the Al assistant’s accuracy (0-100, or select Not Appli-
cable).

e The Al assistant was helpful during the experiment (5-point
Likert scale, with an additional choice Not Applicable).

e When did you typically use the Al assistant during the ex-
periment? For example: Right after seeing the problem, after
attempting a submission, to check your answer, etc. (optional
free response question)
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