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Abstract— Autonomous parking is a critical component for
achieving safe and efficient urban autonomous driving. How-
ever, unstructured environments and dynamic interactions pose
significant challenges to autonomous parking tasks. To address
this problem, we propose SEG-Parking, a novel end-to-end
offline reinforcement learning (RL) framework to achieve
interaction-aware autonomous parking. Notably, a specialized
parking dataset is constructed for parking scenarios, which in-
clude those without interference from the opposite vehicle (OV)
and complex ones involving interactions with the OV. Based on
this dataset, a goal-conditioned state encoder is pretrained to
map the fused perception information into the latent space.
Then, an offline RL policy is optimized with a conservative
regularizer that penalizes out-of-distribution actions. Extensive
closed-loop experiments are conducted in the high-fidelity
CARLA simulator. Comparative results demonstrate the su-
perior performance of our framework with the highest success
rate and robust generalization to out-of-distribution parking
scenarios. The related dataset and source code are available at
https://github.com/Yeulerzzz/SEG-Parking.

I. INTRODUCTION

Autonomous driving has advanced markedly in recent
years, yet highly complex scenarios such as parking remain
challenging [1]. Unlike typical on-road driving tasks, parking
often occurs in unstructured environments, such as open
parking lots or curbside spaces, where clear lane markings
could be absent [2]. Drivable corridors in these settings are
often narrow, severely limiting the maneuvering freedom of
the vehicle. Moreover, even within these confined spaces,
the ego vehicle (EV) is required to dynamically interact with
other moving vehicles or oncoming traffic [3]. Therefore, it
is indispensable to develop an autonomous parking system
capable of safe and efficient operation under such constraints.

Existing autonomous parking strategies can be broadly
grouped into rule-based, optimization-based, and learning-
based approaches. Rule-based methods are usually built on
vehicle kinematic models and predefined motion primitives,
with typical techniques including geometric curve planners
and graph search algorithms [4]. While these methods can
produce collision-free paths in various standard parking sce-
narios, their reliance on hand-crafted primitives and heuris-

Zewei Yang and Zengqi Peng contributed equally to this work. (Corre-
sponding Author: Jun Ma.)

Zewei Yang and Zengqi Peng are with the Robotics and Au-
tonomous Systems Thrust, The Hong Kong University of Science
and Technology (Guangzhou), Guangzhou 511453, China (e-mail:
zyang363@connect.hkust-gz.edu.cn; zpeng940@connect.hkust-gz.edu.cn).

Jun Ma is with the Robotics and Autonomous Systems Thrust, The
Hong Kong University of Science and Technology (Guangzhou), Guangzhou
511453, China, and also with the Cheng Kar-Shun Robotics Institute, The
Hong Kong University of Science and Technology, Hong Kong SAR, China
(e-mail: jun.ma@ust.hk).

tics limits their generalizability to diverse environments.
Optimization-based methods often treat the coarse path ob-
tained by rule-based methods as an initial solution and refine
it by solving a constrained trajectory optimization problem
[2], [5]. By explicitly accounting for physical limits and
safety constraints, such methods can provide trajectories with
guaranteed feasibility and optimality rationales. However,
their performance depends on high-precision perception for
accurate constraint specification. Moreover, purely numeri-
cal optimization can incur notable computation time when
informed initial guesses are unavailable [6]. Learning-based
approaches leverage data-driven models to learn parking
policies. A prominent paradigm is imitation learning (IL),
which trains a policy to mimic expert demonstrations, aiming
to reproduce human-like maneuvers [7]. Nevertheless, the
performance of IL is bounded by the quality and coverage
of expert data, which is particularly concerning given the
scarcity of large-scale parking maneuver datasets. In addi-
tion, IL is prone to causal confusion [8], meaning that it may
learn spurious correlations rather than true causal factors. As
a result, when the deployment state distribution deviates from
the training distribution, its performance can degrade sharply,
particularly in interactive parking scenarios [9]. In contrast,
reinforcement learning (RL) offers an alternative in which
policies are optimized to maximize cumulative return over
action sequences [10], [11], [12]. Recent studies [13] show
that RL can synthesize diverse and effective parking maneu-
vers, thereby achieving competitive performance. However,
training RL policies from scratch typically entails extensive
trial-and-error interaction [14]. This is especially severe for
parking scenarios, where narrow drivable corridors increase
the frequency of failed attempts and markedly reduce sample
efficiency. Furthermore, exploration remains challenging in
large action spaces for parking, especially for long-horizon
tasks where delayed reward assignment leads to inefficient
training [15].

Motivated by these challenges, we propose an end-to-
end offline RL framework for autonomous parking, which
has been extensively evaluated in the high-fidelity CARLA
simulator. The pipeline of the proposed framework is shown
in Fig. 1. The dataset is collected by an expert policy with
injected noise in interactive parking scenarios, in which a
potential opposite vehicle (OV) interacts with the EV. The
overall architecture comprises a state encoder that fuses
temporal perception information with the target pose, and a
downstream policy that outputs low-level control commands.
To facilitate efficient learning, the state encoder is first
pretrained to distill underlying behavior patterns within the
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dataset. Then, the policy is optimized with conservative
regularization to mitigate unsafe extrapolation. In summary,
our main contributions are:

• An innovative end-to-end offline RL framework is pro-
posed for interaction-aware driving in unstructured and
dynamic parking scenarios. It significantly improves the
driving safety, task efficiency, and generalizability.

• A dataset is constructed for autonomous parking tasks
that focus on interaction-aware scenarios. It comprises
two key types of scenarios, including those without the
OV and those involving complex interactions with the
OV.

• Extensive experiments are conducted in the CARLA
simulator, which demonstrate the superior parking per-
formance and excellent generalization capability of our
framework.

• The dataset for interaction-aware autonomous parking
tasks and the related source code of SEG-Parking are
made publicly available.

II. RELATED WORKS

A. Rule-based and Optimization-based Parking

Early autonomous parking systems mainly relies on ex-
plicit geometric patterns or systematic search strategies for
path planning [4]. Geometric planners construct feasible
paths using predefined curve templates. For example, Dubins
curves [16] yield the shortest path for a forward-driving
car with bounded curvature, and Reeds–Shepp curves [17]
extend them by allowing reversing maneuvers. Based on
these canonical curve families, various parking planners have
been developed with further improvements such as modified
curvature transitions [18] and multi-segment maneuvers [19]
to better fit parking scenarios. Search-based planners have
also been widely explored. A prominent example is Hybrid
A* [20], which extends classic A* into the continuous state
space of the vehicle via feasible motion primitives. Originally
deployed in the DARPA Urban Challenge, Hybrid A* has
since been adapted to parking with enhanced heuristics [21]
and multistage search [4]. Both geometric and search-based
methods leverage rule-based priors to synthesize drivable
collision-free paths and have demonstrated effectiveness
in most simple scenarios. However, they typically require
scenario-specific tuning and could struggle in highly complex
environments with irregular obstacles or tight spaces [22].

A complementary line of work formulates parking as a
constrained optimal control problem (OCP). In this formu-
lation, the surrounding obstacles are explicitly encoded as
inequality constraints that enforce collision avoidance. For
example, a lightweight iterative framework [2] is proposed
to reconstruct the drivable corridor around irregularly placed
obstacles and solve a low-dimensional OCP in each iteration.
Similarly, the recent TPCKC [5] treats the violated vertex-to-
polytope constraints as key constraints and iteratively solves
a reduced OCP. While such optimization-based planners can
generate trajectories with provable constraint satisfaction,
they inherently rely on a well-shaped initial guess to maintain

computational efficiency. If the initial guess is unavailable,
they can become computationally demanding as scenarios
grow more intricate [6].

B. Learning-based Parking

Learning-based parking approaches utilize neural net-
works to model complex driving behaviors, bypassing the
need for predefined rules and numerical optimization [23].
Within this paradigm, IL leverages the expert demonstration
data to train a policy that directly mimics the behavioral
patterns. For instance, an encoder–decoder network coupled
with a long short-term memory (LSTM) network, fed by
monocular images from front and rear mounted cameras, iter-
atively estimates steering angle and gear status [24]. Another
vision-based method trains a convolutional neural network
that maps rear-view images to steering and velocity [25].
Recently, transformer-style architectures that fuse multi-view
images with target context are used to learn end-to-end
parking policies [26], [27], thereby streamlining the pipeline
for practical deployment. Nevertheless, IL-based pipelines
are vulnerable to covariate shift, limiting generalization to
states outside the training distribution.

In contrast, RL casts parking as a sequential decision-
making problem and optimizes behavior to maximize ex-
pected cumulative reward. The Monte Carlo tree search ap-
proach [28] has been explored to generate approximate time-
optimal path-planning results for parallel parking. Building
on this insight, a hierarchical planner [29] broadens its
applicability by coupling a high-level deep deterministic
policy gradient policy that sketches coarse reference paths
with a low-level refinement module. More recently, HOPE
[13] integrates an RL policy with Reeds–Shepp curves as
a hybrid policy to handle more diverse parking scenarios.
However, such methods output waypoints that require a
downstream controller, which often introduce tracking de-
viations in complex scenarios [26]. Moreover, their reliance
on extensive online interactions with the environment makes
training time-consuming, especially for long-horizon tasks
[15]. These considerations motivate us to focus on an end-
to-end offline RL solution.

III. PRELIMINARY

We formulate the autonomous parking task as a Markov
Decision Process (MDP), which can be defined formally as
M := {S,A,P,R, γ}. Here, S, A, P , R, and γ denote the
state space, action space, state transition dynamics, reward
function, and discount factor, respectively.

State Space S: In our MDP, each state st ∈ S at
time step t captures the perception of the EV regarding its
surroundings and its current motion relative to the parking
target. It comprises three components:

• Obstacle Distance Sequence Dt: A stack of K con-
secutive obstacle distance vectors:

Dt = {dτ}tτ=t−K+1, (1)

where dτ is a vectorized representation derived from the
LiDAR point cloud. In any dτ , the i-th element dτ [i]
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Fig. 1: Overview of the proposed offline RL framework for autonomous parking.

denotes the distance to the nearest obstacle along angle
ψ = i · δψ in the egocentric coordinate frame, given
the angular resolution δψ . This sequence provides short-
term temporal context.

• Target Pose pt: The current position and orientation of
the EV relative to the target slot, represented as ∆x,
∆y, and ∆ψ in the egocentric coordinate frame.

• Ego Motion mt: The current kinematic status of the
EV, including its linear velocity v and acceleration v̇.

Action Space A: Each action at ∈ A for parking is
represented as a 3-element tuple (a1, a2, a3), where a1, a2,
and a3 correspond to the acceleration, steering angle, and
gear, respectively. For generality, the action range for each
dimension i is defined as Ai = [−1, 1].

In practice, each dimension is discretized into Ni equally

spaced atomic actions, given by A(Ni)
i =

{
2j

Ni−1 − 1
}Ni−1

j=0
.

Thus, the complete action space is:

A = {(a1, a2, a3) | ai ∈ A(Ni)
i for i = 1, 2, 3}, (2)

where N1 and N2 are determined by the desired resolution
of the acceleration and steering angle, and N3 = 2 indicates
that the vehicle can only select forward or reverse gear.

State Transition Dynamics P(st+1|st, at): The transition
function defines the state transitions given the action of the
agent, adhering to the Markov property. It is determined by
the environmental dynamics and is unknown to the RL agent.

Reward Function R: Each reward rt ∈ R is designed
to encourage progress towards the target slot and successful
completion of the parking maneuver, while penalizing col-
lisions and unsafe behaviors. Details will be introduced in
Section IV-C.

Discount Factor γ: Future rewards are accumulated with
a discount factor γ ∈ (0, 1).

IV. METHODOLOGY

A. Dataset Construction

In offline RL, policies are usually trained from a fixed
dataset, typically collected by a predefined behavior policy.
To efficiently synthesize reliable parking maneuvers, we
adopt a classical planning-and-control stack as the expert
policy. The Hybrid A* planner [20] first generates a collision-
free path to the target parking slot, which is then tracked
by a finite-horizon linear quadratic regulator (LQR) [30] to
produce an action proposal ãt.

Given that mild stochasticity is common in real-world
parking maneuvers [31], we inject noise into the expert
policy following [32], [33]. Specifically, in state st, there is
a small probability ϵ of overriding the expert action a∗ with
a random exploratory action a′. The resulting noisy behavior
policy βnoisy is formally defined as:

βnoisy(st) =

{
a∗, a∗ = arg mina∈A∥a− ãt∥2 with probability 1− ϵ,

a′, a′ ∼ U(A) with probability ϵ,
(3)

where arg mina∈A∥a − ãt∥2 selects the action in A that
is closest to the proposal ãt in Euclidean distance; U(A)
denotes the discrete uniform distribution over A; ϵ ∈ [0, 1]
is the exploration probability. This ϵ-greedy strategy yields
trajectories that are predominantly expert-driven but occa-
sionally exploratory. We expect the RL agent to learn an ef-
fective parking policy from such suboptimal demonstrations
by concatenating the successful segments.

After the EV executes the selected action at = βnoisy(st),
the next state st+1 is obtained from the sensor streams and
onboard localization of the EV. All trajectories are stored as
sequences of transitions (st, at, rt, st+1, I{st+1 ∈ Sparked}),
where I{st+1 ∈ Sparked} is an indicator function that equals 1
if the vehicle has reached a successfully parked configuration
and 0 otherwise.
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B. Network Architecture

a) State Encoder: To generate a compact latent state
representation, we design a state encoder ϕ that fuses the
obstacle distance sequence with the target pose.

The obstacle distance sequence Dt ∈ RL×K is first
temporally differentiated to emphasize motion cues, yielding
a stack of difference vectors ∆Dt ∈ RL×(K−1), where
L denotes the length of each vector determined by the
angular resolution. This stack is processed by a multi-
layer perceptron (MLP) followed by an LSTM, producing
a temporal feature Ftemp ∈ RLt that summarizes recent
environmental dynamics. In parallel, the current distance
vector dt is embedded by an MLP, producing Fspat ∈ RLs

for the instantaneous spatial layout. Separately, the target
pose pt is passed through a feedforward projection to obtain
Fgoal ∈ RLg . Here, Lt, Ls, and Lg denote the feature
dimensions of Ftemp, Fspat, and Fgoal, respectively.

The subsequent multi-head cross-attention (MHCA) mod-
ule then treats Fgoal as a query over the concatenated mem-
ory [Ftemp, Fspat], yielding the goal-conditioned environ-
mental representation zt = MHCA(Fgoal, [Ftemp, Fspat]).
The resulting latent representation is then supplied to the
downstream policy and value networks.

b) Policy and Value Networks: The policy and value
networks are implemented as MLPs with ReLU activations.
The policy network π receives the latent representation zt
concatenated with the ego motion mt and outputs a predicted
action ât with a final tanh squashing. For brevity, we denote
it by â = π(s).

Additionally, we employ twin value networks Q1 and Q2

that process the latent representation zt, the ego motion mt,
and the action at. Their outputs are abbreviated as q̂1 =
Q1(s, a) and q̂2 = Q2(s, a), with value estimation derived
from the minimum of these two predictions.

C. Offline RL Training

The proposed offline RL framework comprises two train-
ing stages. In the first stage, we perform Behavior Cloning
(BC) to pretrain the state encoder. Subsequently, we employ
Conservative Q-Learning (CQL) [31] to optimize the down-
stream policy and value networks.

a) State Encoder Pretraining: Inspired by Behavior
Prior Representation (BPR) [34], we pretrain the state en-
coder to facilitate efficient policy optimization. Specifically,
an action head f is appended to the encoder, and the network
is trained to minimize the BC loss:

min E(s,a)∼D
[∥∥f(ϕ(s))− a

∥∥
2

]
. (4)

By imitating the decisions of the behavior policy, the en-
coder is encouraged to learn behavior-salient representations.
Notably, unlike the original BPR which keeps the encoder
frozen, we allow it to be fine-tuned during later training.

b) Policy Optimization: During policy optimization, we
iteratively update the value networks and the policy network.
At each iteration, each value network is updated to minimize
the standard temporal-difference (TD) loss augmented with

a conservative regularization term that penalizes overestima-
tion of Q-values for out-of-distribution actions:

min E(s,a,r,s′)∼D

[(
Q(s, a)−

(
r + γ min

j=1,2
Qj

(
s′,Π(s′)

)))2]
+α

(
Es∼D

[
τ log

∑
a′∼µ

exp
(
Q(s, a′)/τ

)]
− E(s,a)∼D

[
Q(s, a)

])
,

(5)
where the first term corresponds to the TD loss, in which
Π(s′) denotes the discrete projection of the continuous target
action π(s′) onto the action space A as used in Wolpertinger
training [35]. The second term is a conservative regularizer,
where α > 0 weights the strength of conservatism and
τ > 0 controls the softness of the log-sum-exp operator.
The proposal distribution µ draws candidate actions by
mixing random actions with those generated by the current
policy. This term helps suppress over-optimistic Q-values
for candidate actions while preserving accurate estimates for
actions that are well-supported by the dataset.

Subsequently, the policy network is updated to maximize
the expected Q-values of its actions:

max Es∼D

[
min
j=1,2

Qj
(
s, π(s)

)]
. (6)

c) Reward Function: To guide the RL agent towards
safe and efficient parking behaviors, we formulate the total
reward as a sum of four terms, including the goal reward
rg , the progress reward rp, the collision penalty rc, and the
unsafe behavior penalty ru:

r = rg + rp + rc + ru. (7)

Goal Reward rg: A terminal bonus is granted only when
the vehicle stops within the prescribed pose tolerances of the
target parking slot:

rg =

{
cg, if pt ≤ εp,

0, otherwise,
(8)

where cg > 0 denotes the reward value for successful
completion and εp is the tolerance threshold.

Progress Reward rp: The progress reward encourages the
vehicle to move closer to the target at each step. We define
it as an exponentially decaying function of the normalized
distance to the target:

rp = exp(−λdt/dtotal), (9)

where λ > 0 controls the decay rate, dt is the SE(2) distance
from the current pose to the target pose, and dtotal is the
initial distance measured at episode start.

Collision Penalty rc: A constant penalty is applied if the
vehicle collides with any obstacle during parking:

rc =

{
−cc, if a collision occurs,
0, otherwise,

(10)

where cc > 0 determines the penalty strength for collision.
Unsafe Behavior Penalty ru: Similar to prior work

[36], [37], we introduce a constant penalty cu > 0 to
shape the reward whenever a safety constraint is violated.
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Specifically, we impose a penalty if the current action at
deviates significantly from the expert action a∗, defined as:

ru =

{
−cu, if ∥at − a∗∥2 ≥ εa,

0, otherwise,
(11)

where εa is the predefined threshold for action deviation.

V. EXPERIMENTS
A. Experimental Settings

a) Implementation Details: All experiments are run on
a workstation running Ubuntu 22.04, equipped with a single
NVIDIA A100 GPU with 40 GB of memory and 128 GB
of RAM. The discrete action space is configured with N1 =
11, N2 = 11, and N3 = 2. Training proceeds in two stages,
with 20 epochs of state encoder pretraining and 80 epochs
of RL policy optimization. Mini-batches of 256 transitions
are used to update the networks with the Adam optimizer.
During state encoder pretraining, the encoder uses a learning
rate of 1 × 10−4 with weight decay 1 × 10−5. During RL
policy optimization, the actor and each critic are trained
with learning rates of 1× 10−4 and 3× 10−4, respectively,
while the state encoder is fine-tuned with a learning rate of
1×10−5. The remaining hyperparameters include a discount
factor γ = 0.95 and CQL coefficients α = τ = 1.0.

b) Comparison Methods: We benchmark the proposed
method against several baselines. The off-policy RL algo-
rithm Soft Actor–Critic (SAC) [38], which we adapt to the
purely offline setting, is included to evaluate the benefits of
offline RL. In addition, we implement three representative
model-free offline RL algorithms from distinct methodolog-
ical families [39], including SAC-N [40], BC, and TD3-
BC [41]. SAC-N is an uncertainty estimation method that
penalizes Q-values using the variance from an ensemble of
value networks. BC is an imitation learning method that
learns a policy by directly mimicking the state-action map-
pings present in the dataset. TD3-BC is a policy constraint
method that regularizes the learned policy toward the dataset
behavior via BC regularization.

c) Evaluation Metrics: Performance is quantified using
the following metrics.

Target Success Rate (TSR): The fraction of episodes
in which the agent reaches the target pose with position
error <1.2m and orientation error <15 ◦ while avoiding both
collisions and timeouts.

Target Failure Rate (TFR): The fraction of episodes in
which the agent fails to meet the above target pose tolerances
without colliding or timing out.

Collision Rate (CR): The fraction of episodes in which
the agent collides with any obstacle.

Timeout Rate (TR): The fraction of episodes in which
the agent fails to reach the target pose within the maximum
allowed time.

Additionally, for episodes without colliding or timing out,
we report three supplementary metrics:

Average Position Error (APE): The mean Euclidean
distance between the final position and the center of the target
slot.

Fig. 2: Top view of the parking lot. The initial regions of the
EV and OV are represented by solid red and blue rectangles,
while their target slots during data collection are indicated
by red and blue boxes with diagonal lines respectively.

(a) Type i (b) Type ii (c) Type iii

Fig. 3: Schematic diagram of different parking task types.
The EV and OV are highlighted with red and blue solid
boxes, respectively. Arrows and dots indicate priority passage
and temporary waiting states, respectively.

Average Orientation Error (AOE): The mean absolute
difference in yaw between the final heading and the target
slot orientation.

Average Parking Time (APT): The mean time taken to
complete the parking maneuver.

B. Dataset Collection

The parking maneuver dataset is collected in CARLA [42]
in the parking lot of the Town04 Opt map, as shown in Fig. 2.
The parking slots in the two central rows, each containing
16 slots, are indexed as {Si | i = 1, 2, ..., 32}.

In each episode, the EV is initialized uniformly within
a 12.0m × 2.5m rectangular region at the western end of
the central aisle, oriented eastward. Its target slot is chosen
from {S15, S16}. When the OV is present, it is initialized
uniformly within an identically sized region at the eastern
end of the same aisle, oriented westward, and its target slot
is drawn independently from {S17, S18}. All non-target slots
are occupied by static vehicles that serve as obstacles.

Based on the presence of the OV and its right-of-way
relative to the EV, we consider three parking task types. First,
no OV is present, and only the EV performs the parking
maneuver. Second, an OV is present with low priority and
yields to the EV. Third, an OV is present with high priority,
so it proceeds first and the EV must wait. These three
types are visualized in Fig. 3. For both the EV and OV, the
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TABLE I: Performance of different methods across three task types on target slots {S15, S16}

Method Task Type TSR (%) ↑ TFR (%) ↓ CR (%) ↓ TR (%) ↓ APE (m) ↓ AOE (deg) ↓ APT (s) ↓

SAC
i 2.08 64.58 33.33 0.00 1.777 30.776 21.666
ii 0.00 64.58 33.33 2.08 1.572 27.905 22.409
iii 0.00 6.25 93.75 0.00 0.902 16.537 28.978

SAC-N (N = 20)
i 37.50 43.75 18.75 0.00 1.002 11.156 23.038
ii 45.83 50.00 4.17 0.00 0.919 11.810 23.244
iii 45.83 8.33 45.83 0.00 0.816 8.109 37.373

BC
i 60.42 0.00 20.83 18.75 0.597 7.296 38.463
ii 62.50 4.17 20.83 12.50 0.628 6.970 38.357
iii 66.67 0.00 22.92 10.42 0.653 6.160 51.794

TD3-BC
i 75.00 22.92 2.08 0.00 0.624 9.674 27.423
ii 85.42 14.58 0.00 0.00 0.535 8.153 27.802
iii 72.92 4.17 22.92 0.00 0.396 6.657 41.450

Ours
i 97.92 2.08 0.00 0.00 0.576 8.675 26.165
ii 91.67 4.17 4.17 0.00 0.475 7.925 26.181
iii 97.92 2.08 0.00 0.00 0.526 10.511 40.962

TABLE II: Performance of different methods across three task types on target slots {S11, S12}

Method Task Type TSR (%) ↑ TFR (%) ↓ CR (%) ↓ TR (%) ↓ APE (m) ↓ AOE (deg) ↓ APT (s) ↓

SAC
i 2.08 10.42 87.50 0.00 2.159 36.915 15.322
ii 6.25 10.42 83.33 0.00 1.859 34.184 20.475
iii 2.08 2.08 95.83 0.00 1.830 30.944 17.067

SAC-N (N = 20)
i 47.92 6.25 45.83 0.00 0.588 6.244 17.383
ii 58.33 22.92 18.75 0.00 0.616 9.338 18.278
iii 16.67 2.08 81.25 0.00 0.567 5.855 29.941

BC
i 2.08 0.00 97.92 0.00 0.528 9.743 29.733
ii 4.17 0.00 93.75 2.08 0.885 7.555 33.967
iii 6.25 0.00 93.75 0.00 0.784 5.883 33.422

TD3-BC
i 18.75 0.00 81.25 0.00 0.434 5.787 22.141
ii 39.58 2.08 58.33 0.00 0.442 4.523 22.925
iii 20.83 0.00 79.17 0.00 0.336 3.810 33.033

Ours
i 91.67 0.00 8.33 0.00 0.302 6.483 22.104
ii 91.67 0.00 4.17 4.17 0.269 4.245 24.223
iii 97.92 0.00 2.08 0.00 0.363 7.158 36.299

reference path is planned using the Hybrid A* algorithm and
tracked by an LQR controller. At each control step of the EV,
the expert action is executed with probability 0.8. Otherwise,
with probability 0.2, a random control command is applied.
Each episode terminates when the EV reaches the target slot
within a specified pose tolerance or a collision occurs. A
total of 100 episodes are collected for each task type.

C. Evaluation Results

The closed-loop experiments are conducted in CARLA to
evaluate agents trained by different methods across three task
types. In each evaluation, the agent is required to complete
the parking maneuver within time limits of 45 s for types i
and ii, and 60 s for type iii. For each task type and target slot,
24 evaluation episodes are conducted with different starting
positions to ensure statistical robustness.

The in-distribution performance is first evaluated using
the target slots {S15, S16}. Table I reports the performance
of different methods across three task types on these in-
distribution slots. Our method achieves the highest TSR
across all task types, along with the lowest CR and no
recorded timeouts. By contrast, a naive implementation of

SAC without conservative regularization fails to learn an ef-
fective policy due to extrapolation error, while the ensemble-
based variant SAC-N alleviates this issue by estimating
uncertain Q-values. Notably, we observe that both SAC and
SAC-N tend to select more aggressive actions during park-
ing, resulting in a shorter APT but higher CR and larger pose
errors. On the other hand, since the pre-collected dataset is
not entirely composed of expert demonstrations, BC achieves
a relatively low TSR and a notable proportion of timeouts
as it blindly mimics all behaviors without knowledge of the
rewards. Although TD3-BC narrows this gap by integrating
policy evaluation and improvement, it still fails to strike an
effective balance between policy optimization and behavioral
imitation.

In addition to the in-distribution slots, two out-of-
distribution target slots {S11, S12} are used to validate the
generalization ability of each method. The results are sum-
marized in Table II. Our method demonstrates strong adapt-
ability to unseen parking scenarios, maintaining a high TSR
and low CR. This indicates that the proposed method can
make appropriate decisions when the surrounding environ-
ment changes. In comparison, both BC and TD3-BC suffer
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Fig. 4: Key frames of the interactive parking process under task type ii on target slot S15. The top section presents a top
view, in which the parking trajectory of the EV is represented by a solid line whose color varies according to speed. The
bottom section provides a third-person perspective view of the EV.

Fig. 5: Key frames of the interactive parking process under task type iii on target slot S11.

significant performance degradation with a notably increased
CR due to the distribution shift. SAC-N , though less severely
impacted by the shift, still exhibits subpar performance
when evaluated on the unseen slots. The comparative results
demonstrate that the performance of our method can be
attributed to its penalization for potentially unsafe candidate
actions, leading it to collapse to good-enough decisions in
parking scenarios.

D. Qualitative Demonstrations

To better illustrate the performance of our method, we
select one representative evaluation episode from task type
ii and another from task type iii for visualization. The key
frames of these two interactive parking processes are shown
in Fig. 4 and Fig. 5, respectively. For the type ii episode,
the target slot is assigned to S15. At the beginning, the
EV perceives that the OV is waiting in place and therefore
decides to initiate the parking maneuver. The EV proceeds
straight until it reaches the turning point at 21.6 s. It then
shifts into reverse gear and, within the next 4.9 s, performs a
smooth backing maneuver with coordinated steering. Finally,
the EV successfully completes the parking task.

For the type iii episode, the target slot is assigned to an
out-of-distribution slot S11. In this episode, the OV proceeds
first, so the EV decides to remain stationary and yield. At
13.5 s, once the EV perceives that the OV has completed its
parking maneuver, it begins to move and reaches the turning
point at 29.7 s. After 4.7 s of precise backing operation,
it also ideally enters the designated target slot. These two

visualizations highlight the effectiveness and generalization
capability of the proposed method.

VI. CONCLUSIONS
In this work, we propose an innovative end-to-end offline

RL framework for autonomous parking that learns safe
and efficient parking policies directly from a pre-collected
dataset. Our method integrates a goal-conditioned state en-
coder pretrained to distill behavior priors, and a downstream
policy optimized with conservative regularization to mitigate
extrapolation error. To support training and evaluation, we
construct a novel parking dataset that encompasses interac-
tive scenarios with the OV. Extensive experiments conducted
in the high-fidelity CARLA simulator demonstrate the effec-
tiveness of the proposed method. Our method achieves a high
parking success rate with few collisions across different task
types. Moreover, it exhibits strong generalization capability
to unseen target slots, outperforming several baselines. While
this work is limited to simulation at the current stage, the
results validate the potential of offline RL as a promising
paradigm for safe and scalable autonomous parking systems.
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