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Abstract
The gradual loss of human skills, or skill atro-
phy, is a rising concern as users increasingly rely
on AI assistance. This problem is particularly
salient in cooperative AI systems, such as air-
craft piloting or driving, where humans and AI
agents jointly share control and decision-making.
In these settings, human operators often struggle
to disentangle which outcomes arise from AI in-
tervention versus their own actions, undermining
opportunities for their own learning and long-term
skill retention. In this work, we propose PROX-
IMAL STATE NUDGING, a cooperative shared-
control algorithm that balances assistance with
human skill development. Rather than optimiz-
ing solely for combined Human+AI task reward,
our method also gradually “nudges” human users
toward states in the environment where they are
most likely to improve their own, unassisted com-
petence. In two simulated environments (Discrete
MDP and LunarLander), Proximal State Nudging
outperforms existing shared autonomy baselines
in improving a student’s unassisted performance.
We further validate our approach through two hu-
man subject studies (Parallel Parking and High
Performance Racing, n = 60) using the high-
fidelity CARLA driving simulator, showing that
we can build real-world cooperative AI systems
that support human agency and skill retention
without sacrificing performance.

1. Introduction
Skill atrophy resulting from AI assistance has been docu-
mented across domains including transportation, medicine,
and education (de Winter et al., 2023a; Sarofim, 2024; Cas-
ner et al., 2016; Macnamara et al., 2024). As AI systems
increasingly participate in high-stakes decision-making and
control, there is growing concern that automation designed
to optimize short-term performance may inadvertently erode
human competence, agency, and resilience over time. This
challenge is particularly important for cooperative AI sys-
tems where humans and AI agents must work together ef-
fectively while preserving human oversight and capability.

Figure 1: Overview. In a cooperative human+AI driving
task, human users receiving No Assistance from AI may
engage in unsafe exploration or remain in their comfort zone
and fail to learn. In Standard Shared Autonomy, strong AI
assistance can suppress exploration and lead to skill atrophy.
We propose, PROXIMAL STATE NUDGING, which gently
nudges users toward states estimated to fall within the user’s
Zone of Proximal Development (ZPD), maximizing their
learning gains while still maintaining safety.

Consider domains such as driving or aircraft operation,
where AI assistance can improve immediate safety and
performance, yet human operators must still remain capa-
ble of intervening when automation fails or circumstances
change (Endsley, 2017). Existing approaches to mitigating
skill atrophy often frame assistance and learning as com-
peting objectives: either maximize performance through
automation or reduce assistance to encourage human learn-
ing (Dell’Aquila et al., 2023). However, AI systems de-
signed for societal benefit should ideally support both im-
mediate task success and long-term human development.

In this work, we introduce PROXIMAL STATE NUDGING,
a learning-aware shared autonomy framework inspired by
the Zone of Proximal Development from educational psy-
chology (Vygotsky, 1978). Rather than optimizing solely
for task completion, PROXIMAL STATE NUDGING guides
users toward states where learning and skill acquisition
are most likely to occur while maintaining strong overall
task performance. By incorporating principles of cognitive
scaffolding into cooperative AI, our approach promotes sus-
tained human competence alongside effective human–AI
collaboration.
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Unlike prior learning-compatible assistance methods, PROX-
IMAL STATE NUDGING does not require access to the hu-
man learner’s internal value function or an explicit model
of how AI influences learning. We evaluate the approach
in simulated environments (DiscreteMDP and LunarLan-
der) as well as two human-subject driving studies (Parallel
Parking and High Performance Racing, n = 60) in the
high-fidelity CARLA driving simulator. Across settings,
our results demonstrate that cooperative AI systems can
mitigate skill atrophy while preserving safety and perfor-
mance, advancing a more trustworthy and human-centered
paradigm for shared autonomy.

2. Related Work
PROXIMAL STATE NUDGING builds on prior work in shared
autonomy, cooperative AI, and human-centered approaches
to trustworthy AI systems that support long-term human
capability development.

Shared Autonomy and Cooperative AI Shared auton-
omy systems combine human and AI control to improve
task execution while preserving human involvement. Early
work introduced policy blending and assistance under un-
certainty (Dragan & Srinivasa, 2013; Javdani et al., 2015),
while later approaches leveraged deep reinforcement learn-
ing to relax assumptions about environment dynamics and
user goals (Reddy et al., 2018). More recent work has ex-
plored learning-compatible assistance, where AI systems
balance task performance with preserving opportunities for
human learning (Bragg & Brunskill, 2020; Fitzsimons et al.,
2019; Tian et al., 2023). Our work extends this direction
by framing shared autonomy as a cooperative AI problem
in which the system explicitly supports sustained human
competence, not only immediate task success. Unlike prior
approaches, PROXIMAL STATE NUDGING does not require
access to the human learner’s internal value function or an
explicit model of human learning dynamics.

AI Systems for Human Skill Development A longstand-
ing goal in human-centered AI is designing systems that
actively help users learn and improve. Prior work has
explored intelligent tutoring systems (Sleeman & Brown,
1982; Koedinger et al., 2015), skill assessment (Piech et al.,
2015), and AI-driven coaching (Costa et al., 2025). In
shared autonomy, recent approaches have drawn inspira-
tion from educational psychology and the Zone of Proxi-
mal Development (ZPD) (Vygotsky, 1978) to guide users
toward productive learning experiences (Agarwal & Desh-
pande, 2019; Srivastava et al., 2025). PROXIMAL STATE
NUDGING similarly incorporates cognitive scaffolding prin-
ciples, but does so through a general reinforcement learning
framework that identifies and encourages transitions into
high-learning-potential states while maintaining safety.

Skill Atrophy and AI Overreliance Growing evidence
suggests that heavy reliance on AI assistance can lead to
degradation of human skills and situational awareness. Skill
atrophy has been documented in aviation (Casner et al.,
2014), surgery (Sarofim, 2024), driving (de Winter et al.,
2023b), and software engineering (Vaithilingam et al., 2022;
Barke et al., 2023; Shen & Tamkin, 2026). Similar concerns
have emerged around large language models in education
and decision support (Kasneci et al., 2023). These findings
highlight an important challenge for trustworthy AI: systems
optimized solely for short-term performance may uninten-
tionally reduce long-term human capability and resilience.
Our work addresses this challenge directly by designing
cooperative AI assistance that maintains strong performance
while promoting continued human skill development.

3. Formalism
We consider a student with an unassisted policy πstudent,t ∈
Π at each “learning timestep” t, mapping states to actions
(s ∈ S → a ∈ A). Our objective is to design a shared
assistive policy πshared,t that maps a state and the current
student policy to an action (s ∈ S, πstudent,t ∈ Π → a ∈
A), and satisfies two properties:

• Useful assistance: πshared,t supports safe and effective
task completion, measured by high reward.

• Skill learning: πstudent,t improves over time, reflected
by increasing unassisted reward over time.

Most shared autonomy methods prioritize the first property.
For instance, assistive teleoperation often blends user inputs
with an autonomous policy or overrides suboptimal actions
(Wang et al., 2020; Reddy et al., 2018). However, deter-
mining how assistance should be structured to promote user
learning remains challenging. Prior work models human
adaptation with assumptions such as Wiener processes or
linear-quadratic dynamics (Yu et al., 2023; Tian et al., 2023),
limiting their ability to capture diverse learning behaviors.

In contrast, PROXIMAL STATE NUDGING adopts a state-
centric view of skill learning, inspired by intelligent tutoring
systems that operationalize Vygotsky’s Zone of Proximal
Development (ZPD) to adapt instruction difficulty (Vygot-
sky, 1978; Milani et al., 2020; Ropelato et al., 2018). We
estimate a proximality function ϕzpd that measures how
likely a state s ∈ S is to support learning. States that are
too difficult (little chance of reward) or too easy (already
mastered) should have low proximality. The shared policy
then nudges the student toward states with higher ϕzpd by
selecting actions that trade off task optimality and state prox-
imality. This joint optimization enables effective assistance
while preserving unassisted learning.
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3.1. Proximal State Estimation: Identifying Learnable
States

A key cxomponent of PROXIMAL STATE NUDGING is esti-
mating the state proximality function ϕzpd(s). ZPD is de-
fined as the gap between what a learner can do independently
and with assistance (Vygotsky, 1978). Accordingly, by col-
lecting trajectories with (πshared,t) and without (πstudent,t)
assistance, we approximate ϕzpd(s) as the difference in
expected task reward:

Eτ∼πshared,t,s∈τ [Rtask(τ)]− Eτ∼πstudent,t,s∈τ [Rtask(τ)].

States from which task reward is similar with or without
assistance — either because they are too easy or too hard
— receive low ϕzpd(s). The ϕzpd estimator can be updated
at each learning step and evolve with the student policy,
and does not require an explicit student model. In practice,
ϕzpd(s) is normalized, and function approximation is used
for large or continuous state spaces (see Subsection 5.1).

3.2. Shared Control Planning

Given ϕzpd(s), we define πshared,t. We begin with a stan-
dard blending-based shared autonomy formulation (Wang
et al., 2020; Steele & Gillespie, 2001):

πmix,t(a | s) ≜ απagent(a | s) + (1− α)πstudent,t(a | s),
πshared,t(s) ≜ argmax

a∈A
πmix,t(a | s).

(1)
This policy selects the mode of a convex combination of
the optimal agent and student policies, controlled by the
assistance parameter α.

PROXIMAL STATE NUDGING modifies this by replacing the
argmax with a beam search over a set of length-T sampled
trajectories Bt(s) ∼ πmix,t. We then select the first action of
the trajectory maximizing a score J , defined as a weighted
sum of average proximality and task reward:

πmix,t(a | s) ≜ απagent(a | s) + (1− α)πstudent,t(a | s),

Jt(τ) ≜ w1

(
1

T

T−1∑
i=0

ϕzpd,t(si)

)
+ w2 Rtask(τ),

πshared,t(s) ≜ a0(τ
⋆), τ⋆ ∈ arg max

τ∈Bt(s)
Jt(τ).

(2)

Finally, we adapt α based on state proximality, reducing
agent control in high-ϕzpd states where learning is most
likely. This yields a shared policy that combines strong
task assistance with targeted support for skill acquisition.
Algorithm 1 summarizes our full approach; UpdateZPD
and UpdatePolicy are task- and architecture-dependent.

Algorithm 1 Proximal State Nudging
1: Input: Task environment with state space S, action space A
2: Optimal agent policy πagent

3: Assistance range αmin, αmax ∈ [0, 1]
4: Scoring weights w1, w2 ∈ [0, 1]
5: Planning horizon T
6: Beam search size B
7: Task reward function Rtask

8: Initialize: Student policy πstudent,0, proximal state estimator
ϕzpd

9: for timestep t do
10: // Update proximal state estimator
11: Collect assisted episodes: Dshared ∼ πshared,t

12: Collect unassisted episodes: Dstudent ∼ πstudent,t

13: ϕzpd,t ← UpdateZPD(Dshared,Dstudent)
14: // Shared control execution
15: for each encountered state s do
16: αt(s)← max(αmin, αmax − ϕzpd,t(s))
17: πmix,t(a | s) ← αt(s)πagent(a | s) + (1 −

αt(s))πstudent,t(a | s)
18: Bt(s)← BeamSearch(πmix,t, s, T,B)
19: for each trajectory τ = (s0, a0, . . . , sT−1) ∈ Bt(s) do
20: Jt(τ)← w1

(
1
T

∑T−1
i=0 ϕzpd(si)

)
+ w2Rtask(τ)

21: end for
22: τ⋆ ← argmaxτ∈Bt(s) Jt(τ)
23: πshared,t(s)← a0(τ

⋆)
24: end for
25: // Update student policy
26: πstudent,t+1 ← UpdatePolicy(πstudent,t, experience)
27: end for

Proximal State
Nudging

Stochastic Q-Bumpers
(Baseline)

Proximal State
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Figure 2: Lunar Lander Task and Results (Top) PROX-
IMAL STATE NUDGING results in higher unassisted task
reward and a lower gap between unassisted and assisted task
performance than Stochastic Q-Bumpers, averaged across
100 trials at α = 0.7. Stat. sig. (*) determined with in-
dependent t-tests (p < 0.05). (Bottom) Heatmap showing
estimated proximality scores for states in Lunar Lander,
at different initial angles of the lander.
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4. Empirical Results: Simulated Learners
We next evaluate PROXIMAL STATE NUDGING in with sim-
ulated learner agents. Specifically, we focus on a 6-state
DiscreteMDP (discrete action) and the Lunar Lander
(continuous action) task studied in Bragg & Brunskill
(2020), which proposed Stochastic Q-Bumpers, a method
for learning-compatible decision support. We follow Bragg
& Brunskill (2020) by analyzing the pareto frontier between
two metrics: fully assisted and unassisted task performance.
We simulate the student agents in both DiscreteMDP and
Lunar Lander as Q-Learning agents, using DQN for
Lunar Lander (Mnih et al., 2015).

4.1. Simple Discrete MDP

Task Set-Up We consider a 6-state Markov Decision Pro-
cess with a start state s0, goal state sg, and intermediate
states s1, . . . , s5. The action space consists of 5 discrete
actions, with transitions defined in Figure 3. To increase
difficulty, transitions from all states except s0 and sg remain
in the same state with probability p = 0.2. The agent always
starts at s0 and receives reward r = 1 at sg, and a small
step penalty r = −0.1 otherwise. With horizon H = 5, the
MDP is structured so that some states (e.g., s2) are easier
than others (e.g., s5) for reaching sg .

Methods We study a tabular Q-learning student under
either Fully-Assisted Shared Autonomy (απagent + (1−
α)πstudent) or our PROXIMAL STATE NUDGING approach,
where πagent corresponds to the optimal policy. For PROX-
IMAL STATE NUDGING, we follow Algorithm 1 with
w1 = 1, w2 = 1, and T = 2, appropriate for the short
horizon. We compare the ability of both methods to bal-
ance assisted and unassisted (α = 0) performance, where
improved unassisted reward indicates student learning.

Results Figure 3 reports assisted and unassisted re-
wards over 10 time steps for different α. Both meth-
ods achieve high assisted performance. However, under
Fully-Assisted Shared Autonomy, unassisted performance
quickly plateaus at a low reward, indicating that assistance
impedes independent learning. In contrast, PROXIMAL
STATE NUDGING yields steadily improving unassisted per-
formance, showing that nudging based on ϕzpd preserves
the student’s ability to learn. The ϕzpd values at t = 50
and α = 0.7 (Figure 3, left) indicate low scores for s2,
where assistance is unnecessary, and higher scores for s1
and s3, which are prioritized for nudging. Overall, across
α, PROXIMAL STATE NUDGING improves unassisted per-
formance while maintaining strong assisted performance,
demonstrating benefits beyond simply reducing assistance.

4.2. Lunar Lander

Task Set-Up LunarLander (Brockman et al., 2016) is
a classic continuous control benchmark in which an agent
must safely land a spacecraft in a 2D environment. The
environment has a continuous 8-dimensional state space
encoding position, velocity, orientation, angular velocity,
and ground contact indicators, and a discrete action space
of four engine commands. The reward function is shaped
to encourage proximity to the landing pad, low velocities,
upright orientation, and successful leg contact, while penal-
izing fuel usage and crashes. Further experimental details,
including hyperparameters, are in the Appendix.

Methods We compare our PROXIMAL STATE NUDG-
ING method, where πagent is set to an optimal agent we
trained using DQN (Mnih et al., 2015), with the Stocha-
sic Q-Bumpers agorithm proposed by Bragg & Brunskill
(2020). Stochastic Q-Bumpers stochastically overrides a
user’s input with the optimal action whenever the Q-value of
the user’s selected action strongly differs from the optimal
Q value. The likelihood of overriding is proportional to the
degree the user differed from the optimal policy, and thus
this approach is able to preserve some learning of the task
while still preventing the overall episode reward from de-
creasing. Bragg & Brunskill (2020) showed that Stochastic
Q-Bumpers outperforms other forms of shared autonomy,
such as (Reddy et al., 2018), which is why we focus specifi-
cally on comparing with this method for Lunar Lander.

Results Figure 2 shows that overall unassisted task per-
formance is significantly higher with PROXIMAL STATE
NUDGING, while maintaining a significantly lower gap
between unassisted and assisted task performance than
Stochastic Q-Bumpers. In practice, we found our implemen-
tation of Stochastic Q-Bumpers to be unstable to train, and
hypothesize that this is because the method lacks an explicit
mechanism for identifying and targeting states within the
learner’s zone of proximal development. By only prevent-
ing large deviations from optimality, it may keep learners
in overly safe regions or allow them into states too difficult
for their current skill level. Our proximal score estimator
ϕzpd explicitly identifies states where learning is maximized,
enabling more targeted guidance. A closer look at the out-
puts of a trained ϕzpd(s) model across different positions
of the Lunar Lander environment (fixing the velocity to
the average across trajectories drawn from πagent), shows
that the model assigns highest proximality scores to states
where the lander has moderate angular displacement. This
indicates that PROXIMAL STATE NUDGING preferentially
guides learners toward states requiring active stabilization
and orientation control, rather than keeping them in trivially
stable configurations.

Our simulation results so far assumed the student agent
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Figure 3: Discrete MDP Task and Results (Best Viewed in Color). (Left) MDP with ϕzpd at t = 50 (α = 0.7), illustrating
that PROXIMAL STATE NUDGING guides the agent toward s1 and s3 to support unassisted learning. (Middle) Learning
curves comparing both methods for two assistance levels (α), averaged over 50 trials. (Right) Unassisted versus assisted
reward across α, showing that PROXIMAL STATE NUDGING achieves a superior Pareto frontier.

employed Q-learning updates (either tabular or with func-
tion approximation). What happens when we evaluate with
real human students, who may not follow a straightforward
learning strategy?

5. Empirical Results: Human Subjects
We next evaluate how PROXIMAL STATE NUDGING sup-
ports real human users learning two dynamical control
tasks: Parallel Parking and High Performance Racing. We
built environments for both tasks using the CARLA simu-
lator (Dosovitskiy et al., 2017), often used for autonomous
driving research (Li et al., 2023; Srivastava et al., 2025;
Costa et al., 2025; Mihaylova et al., 2025). We ask two
research questions:

1. RQ1 (Learning) Does PROXIMAL STATE NUDGING
improve learning (change in unassisted task perfor-
mance)? We hypothesize that PSN will outperform
fully-assisted shared autonomy, and comparable to a
self-practice baseline.

2. RQ2 (Safety) Does PROXIMAL STATE NUDGING
maintain strong overall task performance during learn-
ing? We hypothesize that will outperform self-practice,
while remaining comparable to fully-assisted shared
autonomy.

The unifying hypothesis is that PSN strikes a balance
between learning gains (unassisted) and safe task perfor-
mance during learning (assisted) when compared to base-
lines. Since we anticipate that learning is a relatively slower
temporal process for human studenrs than for simulated
students, we build our ϕzpd estimator using offline data, as-
suming we can treat state proximality as fixed for the 1 hour
duration of our experiments. We recruit a total of n = 60

participants, mostly university students, across two institu-
tions. Our study was approved by our Institutional Review
Board, and we provide more details about study instructions
and post-survey questions in the Appendix.

5.1. High Performance Racing

In the high-performance racing (HPR) task, users are in-
structed to drive around a fixed race track with the goal of
minimizing their overall lap time. This task is particularly
well-suited for studying human skill acquisition because it
has clear success metrics for both learning (e.g. improved
lap time) and safety (e.g. total number of collisions).

5.1.1. TASK OVERVIEW

We follow the HPR task set-up studied in several prior works
(DeCastro et al., 2024; Lidard et al., 2024; Srivastava et al.,
2025; Sumner et al., 2025). Specifically, we we simulate
the 2-mile track in Thunderhill Raceway Park, California in
the CARLA simulator, using a vehicle configured for high
performance racing. Each state in the HPR task consists of
the vehicle’s position (x, y, z), angle (yaw, pitch, roll), and
speed (vx, vy, vz). The continuous action space consists
of steering angle, throttle, and brake control. Each episode
( a single lap around the raceway) is evaluated with three
metrics: lap time, Dynamic Time Warp distance from an
expert demonstration, and smoothness (measured as jerk
action input).

Methods We compare three methods:

• Fully-Assisted Shared Autonomy (Baseline): We
blend πstudent, the user’s input controls, and πagent, a
policy based on an expert human demonstration, with
α = 0.8 following Equation 1.
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Figure 4: High Performance Racing Task and Results (Left) Heatmap of the learned state proximality estimator ϕzpd
shows that assistance is predicted to most strongly support student learning at states around high-speed tight turns, and that
the proximality estimates are sensitive to both location and velocity. (Right) PROXIMAL STATE NUDGING successfully
balances the trade-off between learning gains (e.g. improved similarity to expert, lap time, and control jerk) and safety
during practice, in comparison to both fully-assisted shared autonomy and unassisted self-practice baselines. Bars report
mean standard error, statistical significance determined with Welch’s t-test.

• Proximal State Nudging (): We sample, at fixed in-
tervals along the track, the nearest point for each of
5 distinct human expert trajectories, which cover dif-
ferent near-optimal task strategies. We then set the
point in each trajectory that crosses the start of the
next interval as the goal for CARLA’s Global Route
Planner (GRP), which returns a set of waypoint trajec-
tories Bt(s). Following Equation 2, we set Rtask to
the normalized inverse trajectory length (encouraging
high speed), and w1 = 0.5 and w2 = 0.5.

• Unassisted Self-Practice (Baseline): The student re-
peatedly practices high performance racing around the
track with full control of the vehicle.

5.1.2. TECHNICAL IMPLEMENTATION

Assistive Control Design As described above, the assis-
tive control for both the Fully-Assisted Shared Autonomy
baseline and use demonstrations from a human expert,
which were collected by (Srivastava et al., 2025) from a
member of an HPR club experienced with the Thunderhill
raceway. Given a point in an expert trajectory, the built-in
Path Planner in the CARLA simulator generates waypoints
to input into a PID controller with the driver’s state, and the
control outputs are used as the actions for πagent.

Proximal State Estimation To avoid introducing latency
for our human users, we used a Linear Regression model for
ϕzpd. This is suitable as the state space is low-dimensional.
To train ϕzpd, we collect an offline dataset of 50 demonstra-

tions of novice drivers both with and without assistance (at
α = 0.8). We then train two separate linear regression mod-
els (ρsa and ρua) to predict the segment reward, correspond-
ing each to the shared-autonomy and unassisted conditions,
and then define the overall estimator using an affine nor-
malization of the output difference (ρsa(s)− ρua(s)). This
two-model approach is necessary due to the continuous state
space resulting in trajectories that rarely overlap exactly.

Figure 4 (left) shows a heatmap of the outputs of ϕzpd across
different states across the Thunderhill Raceway track, show-
ing that the states with the highest estimated learning poten-
tial for students are concentrated at the tight turn towards
the end of the track. Furthermore, ϕzpd(s) is very sensitive
to the velocity values in s, suggesting that the student’s
speed affects its proximality. Interestingly, ϕzpd(s) changes
laterally across the track, and it appears PROXIMAL STATE
NUDGING would nudge a slower student to take the tight
turn widely, while a faster student would be encouraged to
focus on the execution after the turn’s apex.

5.1.3. HUMAN SUBJECT STUDY RESULTS

We compare all three methods with the same sequence of
trials:

1. 2 baseline trials with unassisted user control.
2. 2 practice trials with either (i) Fully Assisted Shared

Autonomy, (ii) Unassisted Self-Practice or (iii) PROXI-
MAL STATE NUDGING.

3. 2 evaluation trials with unassisted user control.
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In each trial, subjects were instructed to complete one lap
as quickly as possible (with a 3 minute limit). We recruited
30 novice drivers, evenly split between methods, with 90%
holding a driver’s license. We compute the three learning
metrics (lap time, Dynamic Time Wrap distance to a human
expert, and control input jerk) as the difference between
average baseline and evaluation performance, where larger
values indicate greater gains. For safety, we measure the
total number of collisions during practice trials, with lower
values indicating safer learning.

Our results, reported in Figure 4, show that PROXIMAL
STATE NUDGING outperformed Fully Assisted Shared Au-
tonomy in improvement from baseline to evaluation trials
across all three learning metrics, with a statistically sig-
nificant difference in lap time, supporting our hypothesis
for RQ1. was also significantly stronger than Unassisted
Self-Practice for both similarity to expert and jerk metrics,
though self-practice led to a significantly stronger improve-
ment in lap time. Finally, users assigned either or Fully
Assisted Shared Autonomy conditions had low number of
collisions during practice trials, but significantly lower than
Unassisted Self-Practice, validating our hypothesis for RQ2.

One possible reason why self-practice leads to a significant
improvement in lap time, but not other metrics, is that stu-
dents are so fixated on improving the lap time that they
ignore other aspects of good driving like smooth control. In
fact, participants assigned during practice noting learning
specific turning skills (e.g., “I learned there are certain
chokepoints where you need to reduce speed to avoid spin-
ning out”). Furthermore, students doing self-practice had
their learning gains come at a significant cost to safety, as the
number of collisions during practice was high. Therefore,
these results support our hypotheses that PROXIMAL STATE
NUDGING successfully improves student’s learning (RQ1)
while still providing an appropriate degree of assistance to
ensure safety (RQ2).

5.2. Parallel Parking

Parallel parking is another challenging driving task requiring
precise spatial reasoning, planning, and motor control. It is
commonly used in autonomous driving research due to its
difficulty for human drivers and clear success criteria (Zhang
et al., 2020; Srivastava et al., 2022; Chai et al., 2023). The
task consists of an approach phase followed by a parking
phase, and we assume learning difficulties primarily arise
from variation in the endpoint of the approach phase (i.e.,
the start of the parking phase).

5.2.1. TASK OVERVIEW

We again use the CARLA simulator, this time implementing
our parallel parking in the provided CARLA Town15 mul-
tilane suburban environment. Each state includes vehicle

position (x, y, z), orientation, and velocity, while contin-
uous actions consist of steering, throttle, and brake. We
designated a 13m gap between two stationary vehicles as
the target spot, and each episode (a single parking attempt)
is evaluated with two metrics: parking time and number of
collisions.

Methods We compare three methods:

• Fully-Assisted Shared Autonomy (Baseline): We
belnd πstudent, the user’s input controls, and πagent, a
pure-pursuit controller that takes a goal state as input,
with = 0.8 following Equation 1.

• Proximal State Nudging () : We sample different
states for the start of the parking phase, and we set
the state with the highest ϕzpd estimate as the goal
for a pure pursuit controller that guides the student.
Following Equation 2, we set Rtask to a fixed constant,
and w1 = .5 and w2 = .5.

• Unassisted Self-Practice (Baseline): The student re-
peatedly practices parallel parking with full control of
the car.

5.2.2. TECHNICAL IMPLEMENTATION

Assistive Control Design For our assistive control, the
optimal agent πagent uses a non-linear Model Predictive
Control (NMPC) policy: a proportional heading-and-speed
controller for the approach, followed by a finite-horizon non-
linear program (solved with IPOPT) for parking (Wächter
& Biegler, 2006). The NMPC controls are blended with
human steering inputs using a fixed mixing ratio α = 0.8,
and the agent is queried every 8 frames for tractability.

Proximal State Estimation We discretize the high-level
state space near the parking spot and estimate ZPD scores
for each stat. We collect 272 trajectories from 17 novice
drivers, each attempting 4 trials from 8 spots (2 assisted, 2
unassisted, randomized). FollowingSection 3, ϕzpd(s) is
computed as the average difference of ρsa(s) and ρua(s),
which denote average parking time for assisted and unas-
sisted trials . Figure 5 (left) shows the state directly in
front of the target spot has the highest estimated learning
potential.

5.2.3. HUMAN SUBJECT STUDY RESULTS

We compare all three moethods with the same trial order:

1. 2 baseline trials with unassisted user control.
2. 4 practice trials with either (i) Fully Assisted Shared

Autonomy, (ii) Unassisted Self-Practice, or (iii) PROX-
IMAL STATE NUDGING.
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Figure 5: Parallel Parking Task and Results (Top Left) Estimated proximal learning potential ϕzpd over discretized
approach states near the target parking spot; green indicates higher learning potential. (Bottom Left and Right) PROXIMAL
STATE NUDGING succesfully balances the trade-off betwen learning gains (e.g. improved parking time and collisions) and
safety (total number of collisions during practice). in comparison to both fully-assisted shared autonomy and unassisted
self-practice baselines. Bars show mean standard error, statistical significance via two-sample Welch’s t-tests.

3. 2 evaluation trials with unassisted user control (in
distribution starting angle)

4. 2 evaluation trials with unassisted control (out of dis-
tribution starting angle not seen during baseline trials)

In each trial, participants were instructed to to park as
quickly as possible while avoiding collisions. We recruited
30 novice drivers, evenly split between conditions, all hold-
ing a driver’s license. We compute two learning metrics
(parking time and of collisions) as the difference between
average baseline and evaluation performance, so larger val-
ues indicate stronger learning gains. FOr safety, we measure
the total number of collisions during practice trials, with
lower values indicate safer learning.

Our results, reported in Figure 5, show that Proximal State
Nudging yields greater improvement than both unassisted
self-practice and fully-assisted shared autonomy in both im-
proving parking time and reducing collisions, support our
hypothesis for RQ1. However, statistically strong effects
were primarily observed for the randomized-angle out-of-
distribution starting angle, which suggests that PROXIMAL
STATE NUDGING’s effect is more salient in conditions that
are unfamiliar to a student. Furthermore, users assigned
PROXIMAL STATE NUDGING has significantly fewer col-
lisions during practice trials than Unassisted Self-Practice
which validates our hypothesis for RQ2, although Fully
Assisted Shared Autonomy did result in an even more sig-
nificantly safer practice.

Participants who practices without assistance mainly re-
ported self-learning steering wheel sensitivity, while partic-
ipants more often described learning new parking strategies
(e.g., “I came to better understand where I should turn my
wheel.”). Overall, the results for our Parallel Parking task
support our prior experimental results in affirming the goal
of PROXIMAL STATE NUDGING to provide assistance that
can ensure safety without compromising users’ learning,
thereby mitigating skill atrophy.

6. Limitations and Future Work
Our results suggest that PROXIMAL STATE NUDGING
can balance effective AI assistance with sustained human
skill development across both simulated and human-subject
shared autonomy tasks. While our studies demonstrate
promising improvements in learning-compatible assistance,
future work should validate these findings with larger and
more diverse participant populations, investigate long-term
retention effects, and evaluate transfer to deployment.

More broadly, the challenge of preventing skill atrophy
extends beyond control domains to many forms of AI as-
sistance, including education, coding, and decision support.
Future work could explore how cooperative AI systems can
adaptively regulate assistance to preserve human agency,
competence, and resilience across these settings.
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A. Appendix
A.1. User Study Instructions

ThisǢstudyǢhasǢbeenǢapprovedǢbyǢStanfordǢUniversity’sǢIRBǢunderǢprotocolǢ#ǢIRBǝ49406ǢandǢUCLA’sǢIRBǢunderǢprotocolǢ#ǢIRBǝ25ǝ0920Ǣ(pleaseǢcontactǢ
MeghaǡSrivastavaǡƬmeghasǃstanfordƠeduƭǢorǢJonathanǡOuyangǡƬjonsouyangǃuclaƠeduƭǡǡforǢanyǢquestions).Ǣ 

GroupǡAǢ

ThankǢyouǢforǢparticipatingǢinǢourǢuserǢstudy!ǢYourǢgoalǢisǢtoǢcontrolǢaǢcarǢsuchǢthatǢitǢisǢparkedǢ
betweenǢtheǢtwoǢstationaryǢcarsǢonǢtheǢcurbǢ(“parallelǢparkingƶ).ǢYouǢwillǢbeǢableǢtoǢcontrolǢtheǢ
car’sǢwheelǢforǢsteering,ǢandǢpedalsǢforǢbrakeǢandǢthrottle.ǢAǢbird’sǢeyeǢviewǢisǢbelow:Ǣ
Ǣ

Ǣ
Ǣ
YouǢwillǢcompleteǢ10ǢtrialsǢofǢthisǢtask.ǢInǢparticular,Ǣ��ial�ǤĮǟİǤ�illǤincl�deǤaǤmode�a�eǤamo�n�Ǥ
ofǤAIǤa��i��anceǤ�oǤhelpǤ�o�Ǥ�i�hǤpa�kingƠǡYouǢwillǢbeǢaskedǢtoǢattemptǢtheǢfollowingǢ(inǢorder):Ǣ

1.Ǣ YouǢwillǢbeǢgivenǢ2ǡminutesǢtoǢfamiliarizeǢyourselfǢwithǢtheǢcar’sǢcontrolsǢinǢaǢrandomǢ
environment.ǢFamiliarizeǢyourselfǢwithǢsteering,Ǣthrottle,Ǣbraking,ǢandǢreversing.Ǣ

2.Ǣ 2ǢbaselineǡtrialsǢwhereǢyouǢwillǢhaveǢfullǢcontrol.ǢTheǢstartingǢangleǢofǢtheǢcarǢwillǢbeǢ
straight,ǢinǢtheǢdirectionǢofǢparking.ǢǢ

3.Ǣ ĮǡpracticeǢtrialsǢwhereǢyouǢwillǢreceiveǢaǢmoderateǢamountǢofǢAIǢassistanceǢtoǢhelpǢyouǢ
withǢparking.ǢTheǢAIǢassistanceǢmightǢnudgeǢyouǢtoǢdifferentǢpartsǢofǢtheǢenvironment,Ǣ
butǢyourǢcontrolǢinputsǢwillǢstillǢaffectǢtheǢvehicle’sǢbehavior.ǢǢTheǢstartingǢangleǢofǢtheǢ
carǢwillǢbeǢstraight,ǢinǢtheǢdirectionǢofǢparking.ǢǢ

4.Ǣ 2ǢevaluationǢtrialsǢwhereǢyouǢwillǢhaveǢfullǢcontrol,ǢandǢtheǢstartingǢangleǢofǢtheǢcarǢwillǢ
beǢstraight,ǢinǢtheǢdirectionǢofǢparking.ǢǢ

5.Ǣ 2ǢevaluationǢtrialsǢwhereǢyouǢwillǢhaveǢfullǢcontrol,ǢandǢtheǢstartingǢangleǢofǢtheǢcarǢwillǢ
beǢrandomizedǢinǢorderǢtoǢcreateǢaǢmoreǢchallengingǢtestǢenvironment.ǢǢ

Ǣ
TheǢsimulationǢforǢeachǢtrialǢwillǢendǢonceǢyouǢparkǢtheǢcarǢproperlyǢ(e.g.ǢstraightǢangleǢandǢ
exactlyǢbetweenǢtheǢtwoǢcars).ǢThereǢisǢaǢ3ǢminuteǢtimeǢlimitǢforǢeachǢtrial.ǢǢ
Ǣ
AfterǡtheǡstudyơǢpleaseǡcompleteǡthisǡGoogleǡFormƢǡhttps:ǗǗforms.gleǗ9Jp6QveYozbFGtLx7ǢǢ
Ǣ
ǢPleaseǢaskǢaǢmemberǢofǢtheǢresearchǢteamǢanyǢquestionsǢbeforeǢstarting!ǢǢ
Ǣ

Figure 6: User study instructions for parallel parking task.

A.2. LunarLander Training Details

πagent is a pre-trained DQN-based policy trained for 100 episodes, with learning rate .001, and an MLP-archicture consisting
of 2 linear layers and hidden dimension 64. ϕzpd is also an MLP with 3 linear layers of dimensions 32, 32, and 16 respectively.
All evaluation results in the paper are averaged across 100 trials.
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Proximal State Nudging: Reducing Skill Atrophy from AI Assistance

This study has been approved by Stanford University’s IRB under protocol # IRB-49406 and UCLA’s IRB under protocol # IRB-25-0920 (please contact 
Megha Srivastava (meghas@stanford.edu) or Jonathan Ouyang (jonsouyang@ucla.edu)  for any questions).  

 
Thank you for participating in our user study! Your goal is to drive a racecar in a simulated 
environment of the Thunderhill race track in as little time as possible without crashing.. A 
bird’s eye view of the track, with an expert’s path in blue, is below: 
 

 
 
You will complete 6 trials of this task. In particular, trials 3-4 will include a moderate amount of 
AI assistance to help you with racing. You will be asked to attempt the following (in order): 

1.​ 2 baseline trials where you will have full control of the car.  
2.​ 2 practice trials where you will receive a moderate amount of AI assistance to help you 

with racing. The AI assistance might nudge you to different parts of the track you were 
not planning to go to, but your control inputs will still affect the vehicle’s behavior. 

3.​ 2 evaluation trials where you will have full control of the car.  
 
The simulation for each trial will end once you pass the finish line on the track (shown in red).  
Please turn left on all forks (there are barriers to help guide you).  
 
After the study, please complete this Google Form: https://forms.gle/XbBpsDJCodt9TtMB6 
 
 Please ask a member of the research team any questions before starting!  
 
 

Figure 7: User study instructions for HPR task.
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