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Fig. 1: System pipeline of the proposed human-in-the-loop autonomous parking framework. The left panel shows the interaction during
training and testing: multi-camera views rendered from the 3DGS simulator are encoded into BEV and target features, then fed into the
SAC actor for low-level steering and speed control which are optionally corrected by human intervention. The right panel summarizes
model update: normal RL transitions, human interventions, failed RL transitions, and rollback-based correction trajectories are stored in
coupled replay buffers and sampled hierarchically to update the actor and critic. The bottom timeline illustrates how RL rollout, human
takeover, and rollback correction are linked within an episode.

Abstract— Autonomous parking demands precise low-speed
maneuvering within narrow, cluttered, and highly constrained
environments, where vehicles must navigate tight spaces while
avoiding static obstacles and complex geometric boundaries.
Unlike imitation learning, which typically requires massive
volumes of high-quality expert demonstrations to converge to
a stable policy and often suffers from limited generalization
to unseen scenarios, traditional reinforcement learning (RL)
methods face persistent challenges including excessive training
overhead, inefficient exploration, and even failure to learn vi-
able parking strategies in challenging settings. To address these
limitations, this paper presents a correction-in-the-loop sample-
efficient reinforcement learning (CIL-SERL) framework for
end-to-end autonomous parking, which is entirely trained in a
photorealistic 3D Gaussian Splatting (3DGS) parking simulator
that enables high-fidelity digital reconstruction of real-world
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scenes. Inspired by error-correction notebooks used in learning
practice, we design a novel multi-level replay buffer mechanism.
These buffers hierarchically organize and store standard RL
rollouts, human corrective interventions, failed exploration
trajectories, and rollback-based correction segments in sepa-
rate yet interconnected memory regions, facilitating structured
sampling and targeted learning during training. The proposed
framework is systematically evaluated in both the 3DGS simu-
lation environment and a physical vehicle platform. Extensive
experimental results demonstrate that our method achieves
substantial improvements in parking success rate, operational
efficiency, and safety performance across diverse scenarios,
validating the effectiveness and practical applicability of the
proposed CIL-SERL-based end-to-end autonomous parking
solution.

Index Terms— autonomous parking, 3D Gaussian Splatting,
human-in-the-loop reinforcement learning.
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I. INTRODUCTION

The only real mistake is the one from which we
learn nothing.

Henry Ford
Autonomous parking is a compact but demanding testbed

for robot learning. The vehicle must reason about static
obstacles, available free space, parking slot geometry, non-
holonomic constraints, and repeated direction changes.

Reinforcement learning for autonomous parking is usually
implemented in simulators such as CARLA [1] and LGSVL
[2], which exhibit a significant visual domain gap compared
with real-world scenarios. This domain mismatch results
in trained policies being unable to be directly deployed to
physical vehicles. To address this critical issue, we construct
a 3D Gaussian Splatting (3DGS) [3] simulator that achieves
digital twin reconstruction of real parking scenes. The poli-
cies trained in such reconstructed scenarios can achieve
zero-shot generalization to real-world parking environments,
effectively bridging the gap between simulation training and
real-vehicle deployment [4]. Since the simulator acts as a
self-contained virtual space with inherent physical rules and
supports human interaction, scene expansion, training, and
evaluation, we term our overall autonomous parking learning
framework ParkingWorld in this work.

LSVGL/CARLA Real World 3DGS Simulator

Imitation-onlyRL Trainable RL Trainable
Large Visual Gap High Visual FidelityNo Visual Discrepancy

Interactive Limited in Dataset More Free to Interact

Fig. 2: Comparison of training in LGSVL/CARLA simulators, the
real world, and our 3DGS simulator.

In RL training, we retain the autonomy of an off-policy
RL system [5] while introducing a human-in-the-loop cor-
rection mechanism for unproductive or failed exploration.
Instead of requiring humans to label all states or replacing
reinforcement learning with imitation learning, the proposed
framework uses sparse human interventions as corrective
experience. When the policy reaches a failure state, the
system records both the failed autonomous behavior and
the corresponding human correction as a paired experience.
These pairs form a structured “mistake notebook” that re-
shapes the replay distribution toward informative failure
cases, allowing the policy to learn not only from successful
exploration but also from how its mistakes are corrected.

The contributions of this paper are summarized as follows:
• We propose an interactive 3DGS simulator for au-

tonomous parking based on the non-interactive simu-
lator in [4]. Our simulator not only supports multi-view
image rendering synchronized with vehicle motion to
provide realistic sensory observations, but also enables

interactive operation by human operators, laying a solid
foundation for human-in-the-loop training.

• We design a correction-in-the-loop sample-efficient RL
(CIL-SERL) mechanism that records failed autonomous
rollouts and successful human-guided corrections as
paired replay evidence, enabling the policy to learn from
corrected mistakes and reducing repeated ineffective
exploration.

• We conduct extensive closed-loop verification experi-
ments on both the proposed 3DGS simulation platform
and a real-world parking testbed. Comprehensive exper-
imental results demonstrate the superior performance of
our proposed framework.

II. LITERATURE REVIEW

A. End-to-End Autonomous Parking

End-to-end autonomous parking has evolved rapidly in
recent years, with research progressing from imitation learn-
ing (IL) toward reinforcement learning (RL). Early IL-based
methods focused on learning expert parking behaviors di-
rectly from demonstrations. Yang et al. proposed E2EParking
[6], an imitation learning framework trained in the CARLA
simulator, which mapped surround-view images and vehicle
states to control signals. Li et al. developed ParkingE2E [7], a
Transformer-based end-to-end planner using bird’s-eye-view
(BEV) features, which was validated in real parking garages
but remained sensitive to distribution shifts.

To overcome the data dependency of imitation learning,
reinforcement learning (RL) has been increasingly adopted
for autonomous parking. Wu et al. [8] combined soft actor-
critic (SAC) with expert demonstrations, using data augmen-
tation and mixed priority sampling to accelerate training and
improve parking performance. Jiang et al. proposed HOPE
[9], a hybrid policy planner integrating RL with Reeds-Shepp
(RS) curves, which leveraged geometric priors and action
masking to enhance both training efficiency and robustness
in complex environments.

B. Sim-to-Real Transfer for Reinforcement Learning

Sim-to-real transfer has long been a core challenge in
reinforcement learning (RL), as policies trained in simulation
often degrade severely when deployed in the physical world.
Early work in this field focused on domain randomization to
narrow the visual gap between simulation and reality.

The emergence of 3D Gaussian Splatting (3DGS) revolu-
tionized high-fidelity simulation. Building on 3DGS, RAD
[10] proposed the first large-scale 3DGS-based RL frame-
work for end-to-end driving, combining imitation learning
to improve transfer robustness. Meanwhile, Flying in Clutter
[11] integrated 3DGS with adversarial domain adaptation,
enabling zero-shot transfer for monocular RGB drone nav-
igation in cluttered environments. Zhu et al. proposed VR-
Robo [12], a real-to-sim-to-real framework that reconstructs
photorealistic and physically interactive simulation envi-
ronments from multi-view RGB images in the real world
using a Gaussian Splatting–mesh hybrid representation. Most
recently, our previous work REAP [4] further advanced the



field by constructing a 3DGS-based parking simulator and
proposing a Real2Sim2Real training pipeline. It successfully
deployed end-to-end RL parking policies in the real world,
demonstrating the effectiveness of 3DGS in bridging the sim-
to-real gap for complex autonomous parking tasks.

C. Reinforcement Learning from Human Experience

Human-in-the-loop reinforcement learning has evolved as
a promising direction to address sample inefficiency and
safety challenges in real-world RL.

Recent works have attempted to incorporate human expe-
rience into reinforcement learning for autonomous driving.
To mitigate the risk of unreliable human guidance, SafeHIL-
RL [13] introduced a safety-aware shared-control mechanism
based on Frenet-based dynamic potential fields and curricu-
lum guidance. More recently, H-DSAC [14] integrated proxy
value propagation with distributional soft actor-critic, en-
abling human intent to be propagated through a distributional
proxy value function for safe and sample-efficient real-world
driving policy learning.

In the manipulation field, HIL-SERL [15] integrated of-
fline demonstrations with real-time human corrections into
a unified framework, achieving near-perfect performance
on diverse real-world dexterous manipulation tasks within
practical training times. π∗0.6 [16] further leveraged human
corrective interventions to refine diffusion-based policies and
significantly improve generalization across unseen scenarios.

III. METHODOLOGY

This section presents the overall framework of our pro-
posed autonomous parking system, consisting of three core
components. In Section III-A, we elaborate on the construc-
tion and functionalities of the 3D Gaussian Splatting (3DGS)
simulator, which serves as a high-fidelity, physically interac-
tive environment for policy training. In Section III-B, we
detail the architecture of the end-to-end reinforcement learn-
ing autonomous parking network. Finally, in Section III-C,
we describe our correction-in-the-loop RL training method.

A. Interactive 3DGS Autonomous Parking Simulator

We construct an interactive 3DGS simulator for au-
tonomous parking by building digital twins of real-world
parking scenes following [4]. The reconstruction process
starts from data collected in target environments, such as
underground garages, using the XGRIDS Lixel K1 handheld
mobile mapping device equipped with IMU, LiDAR, and
RGB cameras. The handheld mapping device integrates both
the tightly coupled LIVO algorithm [17] and the 3DGS
reconstruction pipeline. The LIVO module first estimates
sensor poses and generates dense colorized point clouds with
centimeter-level geometric accuracy. Then, the built-in 3DGS
module converts the registered point clouds and associated
multi-view RGB images into a scene-level Gaussian rep-
resentation, where the scene geometry and appearance are
encoded by anisotropic Gaussians with learnable position,
covariance, opacity, and spherical harmonics coefficients,

which are {(µi,Σi, αi, ci)}. Specifically, each Gaussian
primitive is represented as

Gi(x) = exp

(
−1

2
(x− µi)

TΣ−1
i (x− µi)

)
, (1)

where µi and Σi denote its 3D mean and covariance. The
covariance is parameterized by a rotation matrix Ri and a
scaling matrix Si as Σi = RiSiS

T
i RT

i . For rendering, each
3D Gaussian is projected to the image plane, producing a
2D covariance

Σ′i = JiWiΣiW
T
i JTi , (2)

where Wi is the view transformation and Ji is the Jacobian
of the perspective projection. The final pixel color is obtained
by front-to-back alpha compositing:

C(p) =
∑

i∈N (p)

Tiαi(p)ci, Ti =
∏
j<i

(1− αj(p)) , (3)

where N (p) denotes the set of projected Gaussians that
overlap pixel p, ci is the view-dependent color decoded from
spherical harmonics coefficients, and αi(p) is determined by
the projected Gaussian opacity. The resulting 3DGS model
provides a photorealistic digital twin of the parking envi-
ronment for subsequent simulation and policy training. In
parallel, vehicle-level 3DGS models Gv from the 3DRealCar
[18] dataset are fused with the reconstructed parking scenes
Gs, allowing the simulator to represent dynamic motion, i.e.,
G = Gs ∪ Gv→s, where Gv→s denotes vehicle Gaussians
transformed into the scene coordinate frame.

The resulting simulator provides both photorealistic ren-
dering and physically interactive training signals. Given
the current vehicle state and control action, the simulator
propagates vehicle motion using a kinematic model, updates
the camera viewpoints, and renders synchronized multi-view
RGB observations for the policy network. It also supports
collision detection, elevation-aware state update, rule-based
path planning, human-in-the-loop intervention, state rollback
recording, and training-statistics logging. Therefore, the sim-
ulator serves not only as a visual renderer, but also as
a closed-loop autonomous parking environment in which
reinforcement learning policies can be trained, corrected, and
evaluated under realistic spatial constraints.

B. Architecture of End-to-End Reinforcement Learning Au-
tonomous Parking Network

The proposed autonomous parking policy follows an end-
to-end architecture of our previous work [4]. At each time
step, the 3DGS simulator renders synchronized multi-view
RGB images It = {Ikt }

Nc
k=1 according to the current vehicle

pose. Together with the manually selected and perturbed
target parking slot start , these observations are fed into a BEV
perception module to extract compact scene representations
for downstream policy learning. The perception network
follows the classical Lift-Splat-Shoot (LSS) [19] paradigm,
where image features from different camera views are lifted
into a 3D frustum space and splatted onto a unified BEV
plane, yielding the BEV feature Fbevt = ELSS(It). The
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Fig. 3: Overview of the proposed ROS-based interactive 3DGS simulator for autonomous parking. The simulator integrates LIVO-derived
map representations, scene-level and vehicle-level 3DGS models, and supports photorealistic multi-view rendering, vehicle dynamics,
collision checking, rule-based planning, and human-in-the-loop RL. It provides synchronized perception, state feedback, rollback recording,
and training statistics for closed-loop parking policy development.

BEV feature is further encoded by task-specific heads into
occupancy features Focct = Hocc(F

bev
t ), global parking-

slot features Fslott = Hslot(F
bev
t ), and target-slot features

Ftart = Htar(F
bev
t , F̃tart ). These feature representations

are supervised by the corresponding perception ground-truth
labels in [−10m, 10m] × [−10m, 10m], enabling the policy
to access structured information about free space, obstacle
layout, parking-slot geometry, and the selected target slot.

The extracted multi-modal features are then passed to the
SAC-based reinforcement learning module. For the actor, we
concatenate the perception features into the policy feature
zπt = [Fbevt ,Focct ,Fslott ,Ftart ], and the actor network pre-
dicts the continuous parking action at = πθ(z

π
t ) = [δt, vt],

where δt and vt denote the steering angle and signed velocity,
respectively. Different from the actor, the critic network
uses privileged simulator information through an auxiliary
autoencoder branch. Let Gt denote the simulator-provided
ground-truth representation, including structured BEV, occu-
pancy, parking-slot, and target information. The autoencoder
encodes it into a latent critic feature zqt = Eψ(Gt) and
reconstructs the input as Ĝt = Dψ(zqt ). Meanwhile, the
action is embedded as zat = φa(at). The critic therefore
estimates the soft Q-value from the joint state-action feature,
i.e., Qωi(z

q
t , z

a
t ) for the twin critics i ∈ {1, 2}. This design

allows the actor to rely on perception-derived features avail-
able during policy execution, while the critic benefits from
richer privileged simulator supervision for more stable value
learning. The predicted action is finally executed through
a single-track kinematic vehicle model, producing the next
vehicle state, updated observations, and reward signals.

To improve training stability, layer normalization is in-
troduced into the policy and value networks. Let h ∈ Rd
denote an intermediate feature vector before the final value
prediction layer, and let

ĥ = LN(h) (4)

be the normalized feature. Since layer normalization controls
the feature scale, the final linear Q-value prediction

Q(s, a) = w>ĥ+ b (5)

is bounded by

|Q(s, a)| ≤ ‖w‖2‖ĥ‖2 + |b|. (6)

Thus, the Q-value magnitude is bounded by the final-layer
weight norm and normalized feature scale. This is partic-
ularly important in our human-in-the-loop setting, where
abundant high-quality intervention samples may otherwise
cause critic overestimation and propagate overly optimistic
values to nearby out-of-distribution actions [20].

C. Correction-in-the-Loop Sample-Efficient Reinforcement
Learning

The above perception and SAC architecture are trained
with a correction-in-the-loop sample-efficient reinforcement
learning (CIL-SERL) mechanism. Algorithm 1 illustrates
the CIL-SERL training procedure. Different from ordinary
human-in-the-loop RL that simply mixes all human inter-
ventions into one demonstration buffer, CIL-SERL explicitly
couples what the autonomous policy did wrong with how the
failure was corrected. We model the parking simulator as an
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MDP M = (S,A, P, r, γ), where the policy observes st,
outputs a continuous control action at = [δt, vt], receives
reward rt (see Appendix A), and generates a transition

τt = (st,at, rt, dt, st+1) , (7)

where dt is the termination flag. In practice, the autoencoder
feature zqt and perception ground truth Gt are also saved in
τt, but we omit them for brevity. The mode of each tran-
sition is denoted as mt ∈ {rl, human, rl corr, human corr}.
Rewards include sparse and dense terms. Sparse rewards
evaluate parking results, rewarding successful parking and
penalizing boundary violation, timeout, and collision. Dense
terms deliver stepwise feedback to align the vehicle with the
target slot and avoid inefficient or risky motions. Combined
outcome assessment and behavioral guidance enable safe and
steady parking. Reward formulas and weights are detailed in
the Appendix A. The simulator terminates an episode with
status σt ∈ {arrived, collision, timeout, oob}, where oob de-
notes out-of-boundary termination, and a failed autonomous
segment is detected by

ft = I [dt = 1 ∧ σt ∈ {collision, timeout, oob}] . (8)

At the beginning of an episode and whenever control is
handed back from the human to the RL policy, the scheduler
stores the current snapshot as rollback point

ξc = (qc, tc, sc, nc, `c) , (9)

where qc = (xc, yc, ψc) is the vehicle pose, tc is the
simulator time, sc is the observation, nc is the step index,
`c is the starting index of the pending RL transition buffer.
During normal autonomous execution, RL transitions are not
immediately committed to replay memory. Instead, they are
temporarily stored in an episode buffer

T rlpend = {τ`c,rl, τ`c+1,rl, . . . , τt,rl}. (10)

If the policy fails after the checkpoint and the segment length
satisfies |T rlpend| > Nmin, the failed autonomous rollout is
extracted as

T −k = {τi,rl | i = `c, . . . , tf}, ftf = 1, (11)

where k denotes the current training episode. The simulator
is then restored by the rollback operator

R(ξc) : (qt, t, st, nt, `t)← ξc. (12)

After rollback, correction starts in human mode, while the
operator may switch between human control and RL control
during the correction attempt. Human keyboard commands
are not stored as raw key states. Instead, the executed motion
is converted into a control action through inverse kinematics,

ãht,h = Φik (qt,qt+1;L,∆t) = [δ̃t, ṽt], (13)

where L is the wheelbase and ∆t is the simulator step
interval. This makes human corrections share the same



action space as the actor policy. The correction trajectory
is decomposed as

T +
k = T +

k,h ∪ T
+
k,rl, (14)

T +
k,h = {τfixi,h }, T +

k,rl = {τfixi,rl }. (15)

Only successful corrections are written to correction replay
memory:

Ak = I
[
σend = arrived ∧ |T +

k | > 0
]
. (16)

If Ak = 0, the operator can retry from the same snapshot or
discard the failed attempt. This conservative acceptance rule
avoids polluting the replay buffer with incomplete human
corrections.

The replay memory is organized as a multi-level mistake
notebook. Let BrlN and BhN be the normal RL and normal
human buffers. For each accepted correction episode k, CIL-
RL creates an episode-level correction region

Bcorrk =
{
Bfailk,rl ,B

fix
k,rl,B

fix
k,h

}
. (17)

The failed autonomous rollout and its successful correction
are inserted as

Bfailk,rl ← B
fail
k,rl ∪ T

−
k , (18)

Bfixk,h ← B
fix
k,h ∪ T

+
k,h, (19)

Bfixk,rl ← B
fix
k,rl ∪ T

+
k,rl. (20)

Thus, Bfailk,rl stores what the policy did before failure, while
Bfixk,h ∪B

fix
k,rl stores how the same local situation was repaired

after rollback. The complete training replay set is

D = BrlN ∪ BhN ∪
⋃
k

Bcorrk . (21)

Mini-batches are sampled as paired evidence. Define the
set of valid sampling regions as

Ω = {normal} ∪
{
k | |Bfailk,rl | > 0, |Bfixk,rl|+ |B

fix
k,h | > 0

}
.

(22)
The weight of the normal region and the weight of correction
region k are

wnormal = |BrlN |+ |BhN |, (23)

wk = |Bfailk,rl |+ |B
fix
k,rl|+ |B

fix
k,h |. (24)

At each pair-sampling step, a region o ∈ Ω is selected
according to

P (o) =
wo∑
ō∈Ω wō

. (25)

If o = normal, the sampler draws one transition from BrlN
and one from BhN :

(τ rl, τh) ∼ U(BrlN )× U(BhN ). (26)

If o = k, the sampler draws a failure-correction pair:

(τ−, τ+) ∼ U(Bfailk,rl )× U
(
Bfixk,rl ∪ B

fix
k,h

)
. (27)

For a batch size B, the batch is assembled from B/2 such
pairs,

B = {τ2j−1, τ2j}B/2j=1 , (28)

so that the critic and actor repeatedly see both erroneous
behavior and its corrected counterpart. If no valid human
or correction data exist, the sampler falls back to standard
off-policy RL sampling from BrlN .

The update objective remains the SAC objective [5]; CIL-
RL changes the replay distribution rather than the Bellman
equation. For each sampled transition, the next action is
drawn as a′t+1 ∼ πθ(·|zπt+1), and the soft target is

yt = rt + γ(1− dt)
[

min
i=1,2

Qω̄i(z
q
t+1, φa(a′t+1))

− α log πθ(a
′
t+1|zπt+1)

]
. (29)

The twin critics are optimized by

JQ(ωi) = Eτt∼B
[
(Qωi(z

q
t , φa(at))− yt)

2
]
, (30)

and the actor is updated by

Jπ(θ) = Est∼B,aπt ∼πθ [α log πθ(a
π
t |zπt )

− min
i=1,2

Qωi(z
q
t , φa(aπt ))

]
. (31)

For the privileged critic branch, the auxiliary reconstruction
loss is

JAE(ψ) = Eτt∼B
[
‖Gt −Dψ(Eψ(Gt))‖1

]
, (32)

and the overall optimization can be written as

J =

2∑
i=1

JQ(ωi) + Jπ(θ) + λAEJAE(ψ). (33)

The policy entropy temperature α follows the standard SAC
temperature update with target entropy H̄:

Jα(α) = Eaπt ∼πθ
[
−α

(
log πθ(a

π
t |zπt ) + H̄

)]
. (34)

IV. EXPERIMENTS

A. Simulation Experiment

ParkingWorld is initialized from pretrained REAP-SAC
weights and subsequently trained with the correction-in-the-
loop mechanism. The human operator monitors the parking
process in a bird’s-eye-view interface and intervenes using
a mouse to adjust speed and steering magnitude and a
keyboard to switch directions (see Appendix B). By default,
we use a batch size of 32 on an NVIDIA RTX 4090 GPU.
Training is also feasible on an NVIDIA RTX 4060 with batch
size 8, but performance decreases. Both training and testing
are conducted on five reconstructed 3DGS parking scenes
containing 239 standard parking slots.

After training, we evaluate ParkingWorld in the proposed
3DGS simulation environment and compare it with two
groups of autonomous parking baselines: rule-based planners
and camera-based end-to-end methods. For each trial, the
target slot is sampled from the standard slots, and the vehicle
is initialized in a collision-free feasible sector centered at



Algorithm 1: CIL-SERL

1 BrlN ,BhN , {Bcorrk } ← ∅;
2 for episode k = 1, 2, . . . do
3 T rlpend, T hpend ← ∅;
4 ξc ← (qt, t, st, nt, `t);
5 while dt = 0 do
6 if mt = rl then
7 at ∼ πθ(·|zπt ); τt ← Step(at);
8 T rlpend ← T rlpend ∪ {τt};
9 if mt = human and not HandBack then

10 ut ← Keyboard(); τt ← Step(ut);
11 ãht ← Φik(qt,qt+1);
12 T hpend ← T hpend ∪ {(st, ãht , rt, dt, st+1)};
13 else if HandBack then
14 BhN ← BhN ∪ T hpend;
15 ξs ← (qt, t, st, nt, `t);
16 B ∼ PairSample(D);
17 θ, ω, ψ, α← SACUpdate(B);
18 end while
19 if σend = arrived then
20 BrlN ← BrlN ∪ T rlpend;
21 else if |T rlpend| > Nmin then
22 T −

k ← T
rl

pend[`c : tf ];
23 R(ξc) : (qt, t, st, nt, `t)← ξc;
24 T +

k ← Correct(πθ,Human);
25 if σend(T +

k ) = arrived then
26 Bcorrk ← {T −

k , T
+
k,h, T

+
k,rl};

27 else RetryOrDiscard();
28 else T rlpend ← ∅;
29 D = BrlN ∪ BhN ∪

⋃
k B

corr
k ;

30 end for

TABLE I: Simulation comparison with autonomous parking base-
lines on standard slots.

Type Methods PSR
(%) ↑

PCR
(%) ↓

PTR
(%) ↓

PBR
(%) ↓

NGS
↓

Rule-based
Planner

RS Curve 31.0 0.0 69.0 0.0 1.6
Hybrid A* 55.5 0.0 45.5 0.0 14.9

End-to-end

ParkingE2E 34.0 46.5 0.0 19.5 2.6
REAP-SAC 68.5 22.0 9.5 0.0 17.5
ParkingHIL 72.0 19.0 9.0 0.0 16.1

ParkingWorld 88.0 4.0 8.0 0.0 13.2

the target slot, with a 9 m radius, a ±90◦ angular range
around the slot direction, and a random yaw from [−π, π].
Each method is evaluated over 200 trials. By default, all
experiments use the mean action predicted by the policy
network instead of sampling from the action distribution,
which is a stricter evaluation setting than that used in REAP
[4]. We use parking success rate (PSR), parking collision
rate (PCR), parking timeout rate (PTR), parking boundary-
crossing rate (PBR), and number of gear shifts (NGS),
where higher PSR and lower PCR, PTR, PBR, and NGS
are preferred.

Some qualitative results of our method are illustrated
in Fig. 5. As shown in Table I, ParkingWorld achieves
the best overall performance among all compared methods.

Fig. 5: Parking trajectory visualization. Each row corresponds to a
different scene.

Rule-based planners avoid collisions and boundary crossing,
but their success rates are limited and they suffer from
high timeout rates (solution failure), indicating that purely
geometric search is not sufficiently robust in constrained
parking scenes. Among end-to-end methods, ParkingWorld
achieves the highest PSR of 88.0%, outperforming the previ-
ously best baseline. It also outperforms ParkingHIL, which
trains the policy with replay buffers organized following the
HIL-SERL scheme. These results show that learning from
corrected failures improves parking safety, reliability, and
efficiency in closed-loop simulation.

B. Real-World Experiment
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Fig. 6: Real-vehicle deployment framework.

We deploy ParkingWorld on a real Changan CS55 plat-
form, as shown in Fig. 6. Four surround-view fisheye cameras
stream images to a dedicated computer at 5 Hz, where
the end-to-end model predicts target speed and steering
commands. These commands are rolled out with the same



TABLE II: Real-vehicle performance comparison of different au-
tonomous parking methods.

Type Methods PSR
(%) ↑

PCR
(%) ↓

PTR
(%) ↓

PBR
(%) ↓

NGS
↓

Rule-based
Planner

RS Curve 15.0 0.0 85.0 0.0 6.5
Hybrid A* 35.0 0.0 65.0 0.0 29.7

End-to-end

ParkingE2E 30.0 45.0 0.0 25.0 8.5
REAP-SAC 55.0 15.0 30.0 0.0 27.6
ParkingHIL 65.0 10.0 25.0 0.0 22.8

ParkingWorld 80.0 5.0 15.0 0.0 20.1

Note: PCR denotes the driver-observed near-collision rate, determined by the distance
to surrounding obstacles, rather than the rate of actual physical collisions.

kinematic model used in simulation to generate a short-
horizon trajectory, which is refreshed at 1 Hz and sent to the
onboard NUC. The onboard NUC uses a sampled NMPC
controller to track the predicted trajectory with localization,
speed, and steering feedback. It evaluates candidate controls
through a kinematic bicycle model and publishes low-level
torque, brake, gear, and steering commands at 50 Hz. This
hierarchy allows the learned policy to provide parking intent
while NMPC compensates for real-vehicle dynamics and
execution delay.

Table II summarizes the real-vehicle results averaged over
20 trials for each method. Rule-based planners lead to low
parking success rates on the physical platform. End-to-
end methods better adapt to perception-driven closed-loop
parking, but earlier models either collide frequently or fail to
complete parking before timeout. ParkingWorld achieves the
highest real-vehicle PSR of 80% and reduces both collision
and timeout rates. These results show that correction-in-the-
loop fine-tuning improves not only simulation performance
but also real-world robustness and safety.

V. CONCLUSIONS AND FUTURE WORK

This paper presented ParkingWorld, a correction-in-the-
loop sample-efficient reinforcement learning framework for
end-to-end autonomous parking in photorealistic 3DGS sim-
ulation. By combining a camera-based BEV perception-
policy network with structured failure-and-correction replay,
the proposed CIL-SERL mechanism enables the policy to
learn not only from successful rollouts but also from cor-
rected mistakes. Experiments on five reconstructed parking
scenes and real-vehicle deployment on a Changan CS55
demonstrate that ParkingWorld improves parking success
rate, reduces unsafe failures, and transfers effectively from
3DGS simulation to the physical platform.

In future work, we plan to combine reinforcement learning
with a World-Action-Model that jointly predicts how the
surrounding scene and vehicle state evolve under candidate
actions. Such a model could provide richer imagination-
based rollouts, improve long-horizon credit assignment, and
further reduce the amount of human correction needed for
robust autonomous parking.
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APPENDIX

A. Reward Design

The reward function combines sparse terminal feedback
with dense stepwise guidance. Sparse terms define the task
outcome, including successful parking, collision, timeout,
and boundary violation. Dense terms refine the continuous
parking behavior by encouraging geometric alignment with
the target slot, discouraging near-obstacle motions, and pe-
nalizing inefficient actions.

We first compute a normalized Euclidean signed distance
field (ESDF) from the obstacle set O. Let d0 = 1 m denote
the safety distance and let x be a point in the workspace.
The ESDF value is

ESDF(x) =


min (d0,miny∈O ‖x− y‖)

d0
, x /∈ O,

0, x ∈ O.
(A1)

Thus, ESDF(x) ∈ [0, 1], where larger values indicate safer
clearance.

The successful parking condition is evaluated by the over-
lap and orientation consistency between the vehicle footprint
At and the target slot polygon B. The overlap score is

IoUt =
S(At ∩B)

min(S(At), S(B))
, (A2)

where S(·) denotes polygon area. A success reward is given
when the vehicle satisfies the arrival condition, i.e., IoUt >
0.9 and the heading error ∆θt < 75◦:

rsuccess =

{
csuccess, arrived,
0, otherwise.

(A3)

To provide dense alignment feedback, we reward progress
in vehicle-slot overlap only when the heading error is within
the valid range:

runion = I[∆θt < 75◦]wunion

(
IoUt − max

1≤j<t
IoUj

)
. (A4)

This incremental reward encourages the policy to gradually
improve the parking pose instead of relying only on terminal
success feedback.

Safety is enforced by hard and soft collision penalties. A
hard collision penalty is triggered when the vehicle footprint
intersects an occupied obstacle region:

rcollision = −ccollision. (A5)

The soft collision term acts before an actual collision. For
each action, the simulator rolls out n short substeps and
obtains intermediate vehicle states St = {s0, . . . , sn−1}. Let
B(s) denote the sampled boundary points of the vehicle at
state s. The soft collision penalty is

rsoft = wsoft

(
min
s∈St

min
x∈B(s)

ESDF(x)− 1

)
. (A6)

Since the ESDF is normalized to [0, 1], this term becomes
more negative when the predicted short-horizon motion ap-
proaches obstacles.

The boundary penalty is applied when the vehicle leaves
the valid operation region, which is represented by the
distance from the vehicle center to the target slot center:

routbound = −coutbound. (A7)

In our implementation, the episode is regarded as out of
bounds when this distance exceeds 15 m. To avoid local
deadlock, a stuck penalty is applied when the vehicle dis-
placement between two consecutive simulation steps is below
0.01 m:

rstuck = −cstuck. (A8)

The time cost encourages efficient parking while avoiding
domination over safety terms:

rtime = −wtime tanh

(
t

10Ttol

)
, (A9)

where Ttol = 120 is the maximum tolerated number of
parking steps. If the task is not completed within this horizon,
a timeout penalty is assigned:

routtime = −couttime. (A10)

The final reward at each step is the weighted sum of all
active terms:

rt = wreward
(
rsuccess + runion + rcollision + rsoft

+ routbound + rstuck + rtime + routtime
)
.

(A11)

The reward parameters used in our experiments are listed in
Table A1.

TABLE A1: Reward parameters used in ParkingWorld.

Symbol Meaning Value

csuccess successful parking reward 50
coutbound boundary violation penalty 10
ccollision hard collision penalty 50
cstuck stuck penalty 0.3
couttime timeout penalty 3
wunion overlap progress weight 10
wtime time cost weight 3
wsoft soft collision weight 0.3
wreward global reward scale 0.1

B. Human-in-the-Loop Training Dynamics

Starting from a purely RL-trained policy, human-in-the-
loop training introduces high-value corrective demonstrations
around failure-prone states, yielding rapid early improve-
ment. However, continued training may shift the replay
distribution toward intervention states. Since our current
interface uses mouse and keyboard inputs, human corrections
are relatively discrete, which may bias value estimation and
cause partial overfitting to correction behaviors. As a result,
performance can decrease after reaching a peak, while still
remaining better than the original RL policy. If steering
wheels and pedals are used to provide a more continuous
mapping of human interventions, further performance im-
provement can be expected.
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