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Abstract— Autonomous parking in nonconvex and narrow
environments remains challenging. Although optimal-control
methods can explicitly enforce vehicle dynamics and collision
constraints, nonconvexity compromises solver robustness and
can cause failures. Large language models (LLMs) exhibit
strong semantic reasoning capabilities, but directly generating
dense trajectories makes it difficult to guarantee physical fea-
sibility. We introduce SE-LLM-OCP, a unified framework in
which LLMs make high-level discrete maneuver decisions, while
an optimal-control module enforces low-level vehicle dynamics
and collision constraints. Online, the LLM proposes sparse
maneuver plans, decomposing the parking task into a sequence
of short-horizon trajectory-optimization problems. A low-level
solver then sequentially solves optimal-control problems. If the
solver fails, the LLM aggregates failure evidence from the
solver and validation stages to guide replanning. Offline, SE-
LLM-OCP automatically evolves a structured decision-making
knowledge base from scratch, driven by accumulated online
failures. We validate our proposed framework in simulation on
a car-like vehicle model and on a differential-drive robot. Our
experimental results show that SE-LLM-OCP enables safer
autonomous parking in narrow scenarios and demonstrates
transfer of the same maneuver representation to a different
kinematic platform.

I. INTRODUCTION

Autonomous parking in cluttered environments is a canon-
ical hybrid motion-planning problem. A vehicle trajectory
must satisfy nonholonomic kinematics and full-footprint
collision constraints, yet planner success often depends on
discrete maneuver choices: the approach direction, the or-
dering of forward and reverse segments, and the placement
of intermediate configurations. Search-based planners such
as Hybrid A* (HA*) explore these choices with discrete
nonholonomic motion primitives [1]. Optimization-based
planners instead optimize continuous paths or trajectories
under collision costs or constraints and, where modeled,
vehicle kinematics or dynamics [2], [3]. The two paradigms
fail in different ways. Search effort depends on the resolution
and coverage of the motion primitives, whereas nonlinear
trajectory optimization is sensitive to initialization and the
selected homotopy class. These weaknesses become pro-
nounced in nonconvex and narrow spaces: an unsuitable
maneuver structure may lead to excessive search or local
optimization failure even though a feasible trajectory exists.

Large language models offer a complementary source of
high-level structure, especially when paired with visual or
structured scene representations. Language-grounded robotic

systems have used foundation models to decompose in-
structions into admissible actions, ground skill selection
in affordances, synthesize executable policy programs, and
plan over scene-level representations [4]-[7]. Autonomous-
driving studies have likewise explored language-model rea-
soning for motion planning and coordinate-based trajectory
generation [8], [9]. These advances, however, do not remove
the physical-grounding problem. A maneuver can be seman-
tically plausible yet fail because of a small terminal-pose
error, insufficient clearance, or an infeasible swept volume.
Asking the model to generate dense waypoints or controls
also assigns it a long sequence of metric decisions that are
difficult to verify. The question, then, is how to give an
LLM the maneuver-planning role in narrow-space parking
while keeping physical feasibility with the solver: semantic
decisions must be turned into physically feasible trajectories,
and low-level failures must come back as guidance the LLM
can act on.

This paper answers this question with SE-LLM-OCP
(Self-Evolving LLM-Guided Optimal Control Planning), a
hierarchical framework for narrow-space autonomous park-
ing. In SE-LLM-OCP, an LLM serves as the maneuver-
level planner: from the scene, the task, and a parking-
decision knowledge base, it decides how the vehicle should
maneuver—where to stage, which direction to move, and
how to approach the goal—and expresses these decisions
as sparse terminal poses and forward or reverse motion
modes, each accompanied by a short rationale. It never
generates dense trajectories or low-level controls. A deter-
ministic optimal-control layer then turns each decision into
a short-horizon optimal control problem (OCP), enforcing
nonholonomic vehicle kinematics, actuation limits, and full-
footprint collision avoidance. Semantic reasoning and metric
optimization are thus kept in strictly separate layers, each
doing what it does best.

Because LLM-proposed poses are approximate, the
grounding stage does not demand that they be met exactly:
each terminal pose is grounded into a small tolerance region
adapted to the surrounding clearance, so minor endpoint
errors are absorbed without weakening the kinematic or col-
lision constraints. When optimization or validation nonethe-
less rejects a maneuver, the failure is made actionable.
Solver diagnostics, validation errors, and the rationales of
the failed decisions are summarized by a feedback LLM into
maneuver-level guidance, and the planning LLM revises its
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Fig. 1.

Online hierarchical pipeline of SE-LLM—-OCP: the decision-making LLM turns scene and task inputs plus retrieved parking knowledge into pose

anchors and motion modes; these define sequential segment OCPs, and accepted trajectories are passed to the controller. Failed attempts feed a feedback

LLM that revises the maneuver while the attempt budget permits.

decision. Accumulated failures additionally drive an offline
loop that grows the parking-decision knowledge base from
an initially empty state, with every entry generated automat-
ically; an update is retained only when the resulting planner
again produces a feasible trajectory. Throughout, the LLM
parameters remain fixed: self-evolution proceeds through
bounded, failure-conditioned revision of the maneuver online
and of the decision knowledge offline.
The main contributions of this work are:

« a hierarchical framework for narrow-space autonomous
parking that pairs LLM-based maneuver reasoning with
deterministic optimal control, producing physically fea-
sible trajectories under full vehicle kinematics and col-
lision avoidance;

a semantic-to-optimization grounding that absorbs the
metric approximation inherent in LLM decisions, com-
piling them into tolerance-adapted terminal conditions
for short-horizon OCPs without weakening kinematic
or collision constraints;

a bounded, failure-conditioned self-evolution loop that
converts failed attempts into maneuver-level guidance,
letting the LLM recover from infeasible decisions with-
out unbounded replanning; and

an offline knowledge self-evolution loop that bootstraps
the parking-decision knowledge base from an initially
empty state, with all entries generated automatically,
and retains an update only when it yields a feasible
trajectory.

We validate SE-LLM-OCP in simulation across confined
parking and turnaround tasks. Under a shared Stanley—PID
controller, SE-LLM-OCP attains the highest closed-loop
execution success and the lowest collision rate among the
compared planners, with fewer gear changes and lower path-
curvature metrics than HA*+OCP; ablations isolate the con-
tributions of the evolved knowledge base, failure feedback,
and intermediate soft constraints, and a differential-drive
experiment demonstrates that the same maneuver represen-
tation transfers to a different platform.

II. RELATED WORK
A. Traditional Planning Approaches

Traditional parking planners primarily employ search-
based methods and trajectory optimization. Reeds—Shepp
curves provide shortest paths for a car with bounded curva-
ture and forward-reverse motion in obstacle-free space [10].
Hybrid A* incorporates vehicle kinematics into heuristic
search, retaining continuous vehicle states within a dis-
cretized search space and refining the resulting path through
numerical optimization [1]. These approaches provide geo-
metric foundations and initial paths for parking trajectory
generation.

Optimization-based methods formulate parking as an op-
timal control problem with explicit vehicle-motion and
collision-avoidance constraints. Li et al. addressed time-
optimal parallel parking through simultaneous dynamic opti-
mization [11]. They later introduced safe travel corridors for
parking, where a coarse path guides corridor construction
and different parts of the vehicle are constrained within
corresponding collision-free regions [12]. This representa-
tion replaces large-scale collision-avoidance constraints with
a reduced-scale OCP whose size is independent of envi-
ronmental complexity. A subsequent lightweight iterative
framework repeatedly reconstructs the corridor to recover
free space discarded by a fixed corridor and improve tra-
jectory optimization among irregularly placed obstacles [13].
Corridor-based formulations therefore make continuous opti-
mization tractable after a coarse route has been supplied. SE-
LLM-OCP addresses the complementary high-level prob-
lem: an LLM proposes and revises sparse staging poses
and motion modes, while the model-based OCP layer gen-
erates continuous trajectories under vehicle-kinematic and
collision-avoidance constraints.

B. End-to-End Parking Approaches

End-to-end approaches learn parking behavior from scene
observations and target information. Yang et al. investigated
end-to-end neural parking in the CARLA simulator [14].
ParkingE2E predicts parking waypoints from surround-view
images and a target parking slot using imitation learning



and an autoregressive transformer [15]. MultiPark extends
learned parking to multimodal, multi-segment prediction,
using parking queries that encode gear, longitudinal, and
lateral behaviors together with goal- and collision-related
training objectives [16]. These developments address ma-
neuver diversity and long-horizon parking within learned
planning architectures. In SE-LLM-OCP, the learned com-
ponent instead proposes sparse pose anchors and motion
modes. Continuous trajectories are generated by solving
model-based OCPs, with vehicle constraints enforced during
optimization and complete plans checked before execution.

C. Grounding and Self-Evolution in LLM-Based Planning

Grounding connects language-level reasoning to robot
capabilities and physical environments. SayCan combines
language-model scores with skill affordances to select ex-
ecutable actions [5]. AutoTAMP translates language instruc-
tions into formal task representations for task and motion
planning, using corrective feedback to resolve translation
errors [17]. VoxPoser constructs spatial value maps that
guide model-based motion planning [18]. For narrow-space
parking, the grounding interface must accommodate non-
holonomic motion and vehicle-footprint collision constraints.

Feedback and persistent memory further support the re-
vision of LLM-generated decisions. Inner Monologue incor-
porates environment feedback into subsequent planning [19],
while Reflexion stores verbal reflections on task outcomes to
guide later attempts without updating model parameters [20].
In autonomous driving, DiLu combines reasoning, reflection,
and memory to retrieve relevant experiences and revise
unsuccessful decisions, but its memory is seeded with man-
ually outlined scenarios [21]. Building on these directions,
SE-LLM-OCP couples online maneuver refinement with
offline revision of parking knowledge through a common
optimization and validation pipeline, evolving the knowledge
base from an initially empty state without hand-authored
entries. Online, solver diagnostics and trajectory-validation
failures guide bounded replanning of pose anchors and
motion modes. Offline, accumulated failures inform revisions
to decision principles; a candidate knowledge update is
retained only after the resulting planning process yields a
trajectory that passes the same online acceptance checks.
This links both decision revision and knowledge retention
to the feasibility of the generated parking trajectories.

III. METHODS

Our framework SE-LLM-OCP comprises an online hi-
erarchical pipeline (Fig. 1) and an offline knowledge self-
evolution loop (Fig. 2). The online hierarchy allows LLM-
based maneuver decisions to guide trajectory optimization
while vehicle dynamics and collision constraints are enforced
by the OCP solver. Online replanning revises the maneuver
for the current task using a fixed knowledge-base version.
Knowledge revision is performed separately: accumulated
failures guide candidate knowledge-base updates. These up-
dates are evaluated through the online pipeline before being
used in subsequent planning tasks.

A. Online Hierarchical Pipeline

The online pipeline comprises high-level maneuver plan-
ning, low-level trajectory optimization, and feedback and
replanning. The LLM specifies pose anchors and motion
modes that divide the parking task into segments. These
decisions are converted into terminal conditions for se-
quential OCPs, and the resulting trajectory is checked for
feasibility before controller execution. Failed optimization
or trajectory validation provides feedback for revising the
maneuver within a prescribed attempt budget (three planning
attempts per task).

1) High-level Maneuver Planning: A parking scene is
defined by a bounded workspace W C R2, the union
of polygonal obstacle regions O, an initial pose pg =
(x0,%0,60), and a goal pose py. The region W \ O is
available for vehicle motion. Let F(p) denote the oriented
rectangular vehicle footprint at pose p = (z,y,6). The
collision-free configuration set is

Cfree:{p|f(p)gw\0} (1)

The task is to reach p, from pg through configurations in
Ciree while satisfying the vehicle dynamics and actuation
limits.

The decision-making LLM receives the task specification,
scene image, metric geometry, start and goal poses, and vehi-
cle dimensions. Relevant knowledge is retrieved by matching
the current scene against the accumulated entries, each of
which records a scene description together with explicitly
allowed and forbidden operations. The retrieved entries guide
the selection of staging poses and motion modes. The LLM
generates an ordered maneuver plan with N segments:

II= {(piamiaei)}ij\il ’ (2)

where p; is the terminal-pose anchor of segment ¢, m; €
{forward, reverse} specifies its direction of travel, and
e; 1s a concise natural-language rationale explaining why the
segment moves this way. Each rationale is carried through
grounding and optimization; when a segment subsequently
fails to solve or validate, its rationale is returned to the LLM
together with the failure evidence, so that revisions can build
on the original intent of the failed decision. Intermediate
anchors specify staging poses for reorientation and goal
approach, and the final anchor coincides with the goal,
PN = Pg. Vehicle parameters, objective weights, horizon
lengths, and collision constraints remain system-defined.

2) Low-level Trajectory Optimization: The high-level ma-
neuver plan is converted into terminal constraints and penal-
ties for sequential OCPs via adaptive anchor grounding. Re-
quiring every intermediate anchor to be reached exactly can
overconstrain these OCPs, even when nearby staging poses
would permit feasible motion. Bounded endpoint adjustments
are therefore allowed, with penalties favoring the nominal
anchors. The final goal remains fixed. We first describe how
the anchors are grounded into terminal regions and penalties,
and then formulate the segment OCPs.

Anchor grounding. To make the allowed adjustments
precise, we attach to each intermediate anchor p; a positional
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Offline knowledge self-evolution loop of SE-LLM—-OCP: failure dossiers drive a knowledge-revision LLM to propose knowledge deltas; each

candidate version is verified through the online pipeline in Fig. 1, and candidates yielding feasible trajectories are retained, while failed verification guides

further revisions within the offline budget.

tolerance r; and a heading tolerance A6y, which bound
how far the endpoint of segment ¢ may deviate from the
nominal anchor in position and heading, respectively. The
positional tolerance is derived from a clearance radius p;,
which measures the vehicle’s translational freedom at the
anchor. For an intermediate anchor p; = (x;,y;,0;), pi is
the largest radius within which the vehicle can translate in
any direction without collision while its heading is held at
6;. With a cap pcap and planar displacement d = (dy,dy),
it is defined as

Pi = SUP{P € [0, peap] |
(l‘i + da:vyi + dy; 97,) S Cfree7 (3)
vd e R? with [|d» < p}, i< N.

The positional tolerance r; bounds the positional deviation
of the segment endpoint from its nominal anchor and is
computed as

r; = Max {Tmin, Min (Etask, kpi)}, @ < N. 4)

Here, k is a scale factor and ey, is the task-level positional
tolerance. The lower bound r,;, prevents the tolerance from
vanishing.

The terminal pose region 7; combines the positional
tolerance r; with the heading tolerance Af},). The endpoint
of segment ¢ is required to lie in the set

(@, y) = (@i yi)lly < 7, )
lwrap(6 — 0;)| < Ay}, i< N.

Here, wrap returns the principal angular difference. For the
final segment, the set reduces to Ty = {py}.

The terminal region bounds the endpoint adjustment, while
a terminal pose penalty J/.. . favors the nominal anchor. Its
position and heading weights are w}, and wj. The position

weight is reduced as the tolerance grows, so that a generous

tolerance weakens the pull of the penalty toward the nominal
anchor; the heading weight, in contrast, is held fixed at
wi™ to keep the approach direction precise. For intermediate
anchors, the position weight is computed as

_ min max min
Wpos (1) = max | wppd, whie ————— (6)
max(7;, Tmin)
where the constants are set empirically to wpos = 80,

whax — 200, and wi}‘t = 400. For the final segment, the

pos

weights are fixed to w2 = 1000 and w§® = 2000, like-
wise set empirically. The operation TerminalCost constructs
Ji . from the anchor and these weights.

The region itself does not certify collision freedom: p;
assumes a fixed heading, whereas 7; permits heading changes
and the radius mapping can yield r; > p;. Collision con-
straints are therefore imposed independently in the OCP.

Algorithm 1 summarizes the mapping from the maneuver
plan II to the grounded plan I'. Intermediate segments receive
adaptive position tolerances and penalty weights; the final
segment retains the exact goal and fixed weights. Each entry
I'; contains the maneuver attributes, positional tolerance,
terminal region, and terminal penalty needed to formulate
the corresponding segment OCP.

Segment OCP formulation. Vehicle motion follows the
rear-axle kinematic model with state x = [z,y,6,v,0]T and
control u = [a,w;] ", where v is signed longitudinal velocity,
d is steering angle, a is longitudinal acceleration, and w; is
steering rate. With wheelbase L, the dynamics are

T =wcosb, Yy =wvsinb,
. vtand ) .
0= 7 v = a, 0= ws. 7

For segment ¢, the terminal-state set H; requires the terminal
pose to lie in 7;, and the admissible velocity interval V' (m;)
enforces the specified direction of travel. The terminal cost
®; combines Ji,, with a penalty that encourages stopping



Algorithm 1: Adaptive Soft-Constraint Grounding of
LLM Anchors
Input: Plan II; Cg.cc; goal py; parameters
(Etaska k» Tmin; Pcap> Aetol)
Output: Grounded plan '
1 N« |II]; T+ 0;
2 for i < 1 to N do
(Pi, ™, e) < TI[i];
if i = N then
T R {rl)g};
goa.

(w;ow U)é) A (,w%ggl’ Wy );

else

Compute p; using (3) and r; using (4);
Compute w},,, using (6) and set wj wint;
10 | Compute 7; using (5);

11 Jierm + TerminalCost(p;, wl g, wh);

2 | i< (Pismi, e, i, Tiy Jiorm)s

return I' = {[;}V ;

e ® N wn A W

[
w

at the endpoint. Given the initial state x;,;; and the discrete
dynamics f; from (7), each segment is optimized by solving

!
-

min
X, U

O(xy, ur) + i(x7)
t
S.t. X0 = Xinit,

Il
=]

(8)
Xt4+1 = fd(Xt,Ut),

St,c(xt) > dsafea

X7 € H;.

Here, T denotes the prediction horizon of the current
segment. The quantity s; . denotes clearance for collision
constraint c at step ¢, and dg,¢e is the required margin. Control
and steering bounds and v; € V' (m;) are also imposed. The
stage cost ¢ regularizes acceleration, steering rate, steering
angle, velocity, and obstacle slack. Horizon selection and
solver retry settings remain system-defined.

The first OCP starts from the initial vehicle state. Each
subsequent OCP starts from the preceding segment’s opti-
mized terminal state, including velocity and steering angle.
Transferring the full state preserves continuity and allows
the next segment to account for the preceding endpoint
adjustment.

3) Feedback and Replanning: The complete maneuver is
checked after all segment OCPs have been solved. Validation
assesses endpoint accuracy, continuity between segments,
satisfaction of the terminal regions, and footprint feasibility
using a sampled vehicle sweep. Trajectories that pass all
feasibility checks are sent to the controller.

When OCP optimization fails or the assembled trajectory
fails validation, solver diagnostics and validation errors are
passed to the feedback LLM together with the rationales
of the failed segments. It summarizes potential causes at
the maneuver level and provides guidance for replanning.
The decision-making LLM uses this feedback, the task

inputs, and retrieved knowledge to revise the pose anchors
and motion modes. The revised plan undergoes the same
grounding, optimization, and validation procedure, with the
vehicle model and acceptance criteria held fixed.

The online loop terminates when a feasible trajectory is
found or the prescribed attempt budget is exhausted. This
feedback revises the maneuver for the current task; the
associated failure evidence is retained for offline knowledge
revision.

B. Offline Knowledge Self-Evolution Loop

The offline loop in Fig. 2 uses accumulated planning fail-
ures to revise the decision principles retrieved during high-
level planning. The knowledge base is initialized empty—
that is, zero-shot: every entry is generated automatically,
with no parking maneuvers, staging heuristics, or exemplars
authored by hand. Prompt structure and revision operations
remain system-defined; only the knowledge entries evolve
through the automated revise-and-verify cycle below. A fail-
ure dossier combines observed failure patterns with relevant
existing knowledge entries. The knowledge-revision LLM
uses this dossier to propose a knowledge delta comprising
one or two operations selected from addition, modification,
deletion, and merging. Every generated entry must record
the scene it applies to together with explicitly allowed and
forbidden operations. Applying the delta to the retained
knowledge base produces a candidate version for verification.

Each candidate knowledge-base version is evaluated
through the online pipeline in Fig. 1, with knowledge re-
trieved from that version. The resulting maneuver plans
undergo grounding, sequential OCP solution, and trajectory
validation. Online feedback and replanning remain active
within the prescribed attempt budget. The vehicle model,
grounding rules, optimization settings, and acceptance crite-
ria are held fixed during verification.

A candidate is retained as the new knowledge-base version
only when verification produces a feasible trajectory. If
verification fails, the retained version remains unchanged and
the new failure evidence is appended to the dossier to guide
further revision. The online attempt budget limits maneuver
attempts during each candidate evaluation; a separate offline
revision budget limits candidate knowledge updates. The
offline loop terminates when a candidate passes verification
or the revision budget is exhausted. The loop thus grows
the knowledge base from an empty initialization into a task-
specific body of parking expertise, retaining only revisions
that demonstrably preserve feasibility.

IV. EXPERIMENTS

We evaluate SE-LLM—OCP in confined parking environ-
ments through planner comparisons, component ablations,
and real-robot execution. The simulation study examines
planning success, trajectory quality, and closed-loop perfor-
mance; the physical experiment demonstrates execution on a
differential-drive robot.



TABLE I
PLANNING QUALITY AND CLOSED-LOOP PERFORMANCE UNDER THE COMMON STANLEY—PID CONTROLLER ON 38 SCENARIOS.

Planning Closed-loop execution
Method Succ. Gear shifts Mean |k| Max |dk/ds|  Pos. err. Orie. err. Succ. Coll.
(%)1 4 (m~hH) (m~*)) (m)} (deg)) (%)t (%)\.
HA* 92.1 2.571 0.158 4.000 — — 55.3 40.0
Direct OCP 0.0 — — — — — 0.0 —
HA*+OCP 76.3 2.138 0.158 3.556 0.028 0.529 63.2 17.2
SE-LLM-OCP 94.7 1.593 0.116 2.437 0.006 0.112 84.2 11.1

Planning metrics are averaged over successful plans, and terminal errors are measured on the planned trajectories; collision rates count an obstacle collision
or boundary violation once per run, over successfully planned runs that enter execution. Dashes indicate values that are not reported (terminal errors for

HA*) or undefined (Direct OCP, which produces no validated trajectory).
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(d) Reorientation among obstacles

Qualitative comparisons across four parking scenarios: (a) dead-end turnaround, (b) transfer between parallel aisles, (c) obstacle bypass and goal

entry, and (d) reorientation among obstacles. Each group shows, from left to right, HA*, Direct OCP, HA*+OCP, and SE-LLM-OCP (Ours); green frames
with check marks indicate success, red frames with crosses failure. Examples are from additional runs, separate from the aggregate evaluation in Table I.

A. Experimental Setup

Scenes and vehicle. The simulation benchmark comprises
parking tasks in confined environments with nonconvex
free space. Each task specifies an initial pose and a goal
pose. The car-like model has a 4.50 x 1.85 m footprint, a
2.70 m wheelbase, and a minimum rear-axle turning radius
of 5.00 m.

Controller and execution. All planners are evaluated on
the same simulation tasks. Their reference trajectories are
tracked using a Stanley lateral controller and a PID speed
controller. Controller settings and the execution model are
shared across planners, with acceleration and steering-rate
limits enforced during execution.

Evaluation metrics. Planning success requires the gen-
erated reference trajectory to pass trajectory validation. For
SE-LLM-OCP, this is the validation stage of the online
pipeline. Closed-loop success requires successful planning
followed by execution to within 0.50 m of the goal position
and 10° of the goal heading, without obstacle collision or
departure from the drivable region. Both success rates use
all runs as the denominator. The collision rate is computed
only over runs that pass planning validation and proceed to
controller execution, including unsuccessful executions. A

run is counted once if an obstacle collision or a boundary
violation occurs. Planning failures are excluded from this
denominator.

Planning-quality metrics are averaged over successful
planning runs. They comprise the number of gear shifts,
mean absolute curvature |x| (m~!), and maximum absolute
spatial curvature gradient |dr/ds| (m~?2), where s denotes
arc length. The curvature-gradient entry is the mean of
the per-trajectory maxima. Terminal position and orientation
errors measure the final pose error of the planned trajec-
tory; they are distinct from errors after controller execution.
Terminal errors are compared between SE-LLM-OCP and
HA*+OCP and are not reported for HA*.

Evaluation protocol and planning budget. For the plan-
ner comparison and ablation studies, all configurations are
evaluated under a consistent experimental protocol. Indepen-
dent evaluation trials are distinguished from the planning at-
tempts performed within each trial. All LLM components use
gpt—-5.6-sol. Unless replanning is ablated, SE-LLM-
OCP performs bounded feedback-guided replanning when
the current proposal fails validation. Each planning attempt
undergoes grounding, optimization, and validation, while
the knowledge-base version remains fixed throughout each



online trial.

B. Experiment 1: Planning and Closed-Loop Performance

We compare SE-LLM-OCP with HA* [1], Direct OCP,
and HA*+OCP. HA* searches for a kinematically admissible
reference, which HA*+OCP then refines through trajectory
optimization. Direct OCP optimizes the maneuver without
LLM-generated intermediate anchors. In SE-LLM-OCP,
pose anchors and motion modes specify the maneuver struc-
ture before the segment OCPs are solved.

Table I shows that SE-LLM-OCP achieves the best
overall balance between planning feasibility and closed-loop
execution. It attains 94.7% planning success and 84.2%
closed-loop success, while also producing trajectories with
fewer gear shifts and lower curvature-related metrics than
HA* and HA*+OCP. Although HA* reaches a comparable
planning success rate, its substantially lower closed-loop
success indicates that a geometrically valid reference does
not necessarily translate into an easily executable parking
maneuver. Adding OCP refinement improves the execution
performance of HA*, but HA*+OCP still remains clearly
below SE-LLM—-OCP, suggesting that continuous trajectory
refinement alone cannot fully compensate for an unfavorable
maneuver structure. Direct OCP produces no validated tra-
jectory in the evaluated nonconvex scenes.

Figure 3 explains where this advantage comes from.
The key difference is that SE-LLM—OCP determines the
maneuver structure before numerical optimization by jointly
considering obstacle bypass, staging, and the required goal
approach. This allows major heading changes to be com-
pleted in regions with more available space and leaves the
confined goal region mainly for final entry. In contrast, HA*
determines the maneuver progressively through search, while
HA*+OCP mainly refines the resulting reference without
explicitly revisiting its earlier staging and bypass decisions.

Consequently, SE-LLM—-OCP supplies the segment OCPs
with a more favorable maneuver structure rather than relying
on optimization to recover from a poor high-level choice.
The OCPs then enforce vehicle and collision constraints
within this structure. This division of roles explains why SE-
LLM-OCP outperforms the baselines not only in planning
and closed-loop success, but also in gear-shift and curvature
metrics.

C. Experiment 2: Ablation Studies

We examine the evolved knowledge base, failure feed-
back, and intermediate soft constraints by removing each
component in turn. The scene inputs, LLM, vehicle model,
controller, and remaining planning settings are held fixed.
Table II reports the results.

Evolved knowledge. The knowledge base is initialized
empty and populated entirely through automated offline self-
evolution. The variant without evolved knowledge therefore
uses an empty knowledge base. In the full method, the accu-
mulated knowledge guides staging-pose selection, approach
headings, and motion modes before OCP construction. Using
the evolved knowledge increases planning success from

TABLE 11
COMPONENT ABLATIONS ON 38 SCENARIOS.

Planning Closed-loop execution

Configuration Succ. Succ. Coll.
(%)t (%)t (%)4

w/o evolved knowledge 85.1 74.6 12.4
w/o failure feedback 79.8 68.4 13.2
w/o soft constraints 83.3 76.3 84
Full method 94.7 84.2 11.1

Success rates use all runs; collision rates count an obstacle collision or
boundary violation once per run, over successfully planned runs that enter
execution (including execution failures).

85.1% to 94.7% and closed-loop success from 74.6% to
84.2%. These gains show the benefit of transferring accu-
mulated planning experience to online maneuver selection.

Failure feedback. This variant retains the same computa-
tional budget and planning-attempt limit as the full method,
but subsequent proposals receive no feedback from earlier
failures. The full method uses solver and validation feedback
to revise pose anchors and motion modes in response to
the difficulties encountered during previous attempts. With
the same budget, failure feedback increases planning success
from 79.8% to 94.7% and closed-loop success from 68.4%
to 84.2%. The improvement shows the value of using failed
attempts to guide subsequent maneuver proposals.

Intermediate soft constraints. This variant solves each
segment as a separate start-to-goal problem, applying the
task-terminal constraints at every segment endpoint. Treating
each intermediate anchor as a task goal restricts where
adjacent segments can connect, even when a nearby pose
could serve the same maneuver. The full method allows
intermediate poses to adjust during grounding while retaining
the final goal constraints. This increases planning success
from 83.3% to 94.7% and closed-loop success from 76.3% to
84.2%, supporting the use of soft constraints to accommodate
approximate LLM anchors. The ablated variant has a lower
collision rate among executed plans (8.4% versus 11.1%),
while the full method completes more tasks overall.

D. Experiment 3: Real-Robot Experiment

We conducted a physical experiment with the differential-
drive robot shown in Fig. 4(a). The platform is equipped with
a 2D LiDAR. The task requires the robot to leave a narrow
aisle, pass around a partition, and reach the marked goal in
a confined indoor environment.

Figure 4(b) shows the corresponding simulated reference,
produced by the same planning pipeline with the segment
OCPs re-solved under differential-drive kinematics instead
of the car-like model. A reverse segment brings the robot out
of the starting aisle into the connecting area, followed by a
forward segment around the partition toward the goal. The
intermediate pose markers indicate the staged maneuver, and
the sampled footprints show the robot configurations along
the reference.

The physical execution in Fig. 4(c) follows the same
reverse-then-forward maneuver structure. The robot reverses
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Fig. 4. Real-robot experiment and corresponding simulated reference. (a)
Differential-drive robot equipped with a 2D LiDAR. (b) Simulated reference
with intermediate pose markers and sampled footprints. (c) Successive robot
poses overlaid to show the executed motion. Purple and blue curves indicate
reverse and forward motion, respectively; the curves in (b) are the reference,
those in (c) the motion sequence.

out of the aisle, reorients in the connecting area, and moves
forward around the partition. In-place rotations are visible
at the intermediate configuration and at the goal. The first
separates departure from the confined aisle from the forward
approach; the second adjusts the heading at the marked goal.
The overlaid poses show the executed motion, while the
colored curves illustrate its forward and reverse portions.

This experiment provides qualitative evidence that the
reverse departure and forward goal approach can be carried
through to physical execution. The intermediate staging con-
figuration provides room to reorient, while in-place rotations
separate translation from heading adjustment.

V. CONCLUSION

We presented SE-LLM-OCP, a parking framework that
bridges LLM-based maneuver reasoning and model-based
trajectory optimization. The framework uses a knowledge
base evolved from scratch to guide staging poses and
motion modes, grounds approximate intermediate anchors
through adaptive soft constraints, and converts solver and
validation failures into feedback for bounded replanning.
Simulation experiments in narrow, nonconvex parking scenes
demonstrated the effectiveness of this decision—optimization
interface, while a differential-drive robot with a 2D LiDAR
further illustrated physical execution of the planned maneu-
ver. Future work will focus on repeated quantitative real-
robot evaluation and extending the framework to additional
kinematic platforms and parking environments.
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