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Abstract: This paper presents a feasibility study of failure-aware LLM-DWA replanning for mobile robot navigation in
dynamic obstacle environments. Existing LLM-DWA navigation has shown promise in static maze-like settings, but
moving obstacles can invalidate initially generated waypoints and cause local planners to oscillate, time out, or fall into
local-minimum states. We propose an event-triggered strategy that requests new LLM-generated waypoints when either
a low-speed no-progress condition or repeated recovery evidence is detected, subject to a replanning cooldown. In ten
trials per method, the proposed strategy achieved the highest observed success rate (5/10), compared with NavFn-DWA
(0/10), one-shot LLM-DWA (1/10), and fixed-periodic LLM-DWA (0/10 for both intervals). Exploratory two-sided
Fisher exact tests favor the proposed method over each 0/10 baseline (p = 0.0325) but not over one-shot LLM-DWA (p
= (.1409), and no comparison remains significant after correction for four comparisons. These results demonstrate the
feasibility of selective failure-aware replanning in dynamic obstacle environments and motivate further evaluation
across diverse environments with comprehensive trial-level metrics.
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1. INTRODUCTION

Reliable navigation is a fundamental capability for
autonomous mobile robots operating in cluttered and
changing environments. Classical navigation systems
typically combine a global planner with a local planner
that generates safe short-horizon motions. The Dynamic
Window Approach (DWA) is widely used because it
evaluates admissible velocity commands under robot
dynamics and obstacle constraints [1]. However, as a
local planner, DWA is vulnerable to local minima in
U-shaped or maze-like environments, where the robot
may repeatedly oscillate, stop, or fail to reach the goal.

Recent advances in large language models (LLMs)
have motivated their use as high-level planning modules
for mobile robots. Instead of directly controlling
low-level velocities, an LLM can generate semantic
hints or intermediate waypoints that guide a
conventional local planner [2]-[5]. The LLM-DWA
framework proposed by Seo et al. combines
LLM-generated waypoints with DWA and demonstrates
improved performance in static U-shaped environments
[5]. Nevertheless, extending this idea to dynamic
obstacle environments remains challenging. Moving
obstacles can rapidly invalidate a previously generated
waypoint sequence, while frequent replanning can
cancel active goals and destabilize the navigation stack.

This paper studies whether LLM-DWA navigation
can be extended to dynamic maze environments through
failure-aware replanning. The goal is not to claim fully
robust dynamic navigation, but to provide an initial
feasibility analysis showing when event-triggered LLM
replanning helps and where it still fails. The main
contributions are: (1) a failure-aware LLM-DWA
replanning strategy based on local planner failure

signals, (2) a comparative evaluation of a NavFn-DWA
baseline (NavFn global planner with DWA local
planner),  one-shot = LLM-DWA, fixed-periodic
LLM-DWA, and the proposed replanning method in a
dynamic maze, and (3) a failure-mode analysis of local
minima, excessive replanning, stale waypoints, and
obstacle-induced timeout behavior.

2. RELATED WORK

LLM-based navigation has recently been studied as a

way to provide high-level planning cues for embodied
agents and mobile robots. Instead of replacing classical
planners, LLMs are often used to generate semantic
hints, subgoals, or waypoint sequences from textual or
structured map descriptions [2]-[4]. These approaches
show that language models can support long-horizon
reasoning, but they also reveal a persistent limitation:
LLM-generated plans may not be physically grounded
in the actual geometry and dynamics of the
environment.
The LLM-DWA framework is directly related to this
study because it combines LLM waypoint generation
with the Dynamic Window Approach [5]. This hybrid
structure is attractive because the LLM can provide
global route guidance while DWA handles short-horizon
collision avoidance. However, prior evaluations mainly
focus on static or relatively simple obstacle settings. In
contrast, our study examines whether the same idea can
remain feasible when obstacles move and the validity of
waypoints changes during execution.

Replanning has also been studied as a way to recover
from plan failures in embodied systems [6], [7].
Periodic replanning is simple, but it may waste



computation or destabilize navigation by repeatedly
canceling active goals. Event-triggered replanning is
more selective because it updates the plan only when
the robot shows evidence of failure. Our work follows
this direction by using local planner signals, such as
progress stagnation, low speed, and recovery frequency,
to decide when LLM-based waypoint regeneration
should occur.

3. FAILURE-AWARE LLM-DWA
REPLANNING FRAMEWORK

3.1 LLM-assisted waypoint navigation

The system follows a hierarchical structure. The LLM
receives the current robot pose, final goal, and
map-level information and produces a sequence of
intermediate waypoints. The local planner then follows
each waypoint while reacting to nearby obstacles. This
division preserves the real-time obstacle avoidance
capability of DWA while using the LLM to provide
global route hints.
However, LLM-generated waypoints are not guaranteed
to be geometrically valid or dynamically appropriate.
Prior work reports that language models can provide
useful semantic heuristics but may suffer from
grounding errors and spatial hallucinations [2], [3], [10].
Therefore, in dynamic environments, the waypoint
sequence must not be treated as a fixed plan. The
navigation system must decide when the current plan is
no longer useful and when LLM replanning is worth the
cost.

3.2 Event-triggered failure-aware replanning

The proposed strategy monitors local navigation
signals and requests new waypoints only when
failure-like behavior persists. Let d(t) be Nav2's
remaining path distance, b the best recorded value of d,
tp the last progress time, Nrec(t; Wr) the number of
recovery-count increments in the preceding window Wr,
and trep the most recent replanning time. The thresholds
epsilon_d, vmin, Ts, Nr, Wr, and Tc denote the progress,
speed, stagnation-time, recovery-count,
recovery-window, and cooldown settings, respectively.
The implemented monitor is defined by (1)-(5).
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Equation (1) updates the progress reference only after
an improvement greater than epsilon_d. Equation (2)
matches the scalar speed used by the implementation.
Equations (3)-(5) show that the monitored trigger has
two alternative branches: current low speed together
with a sufficiently long interval since the last progress
update, or a threshold number of recent recovery events.
Both branches are blocked during the replanning
cooldown. A request discards the remaining waypoints
and regenerates a sequence from the current pose to the
final goal. The implementation also requests replanning
after Nav2 goal rejection, a non-success action result
other than an intentional cancellation, or an
action-feedback timeout; these are safeguard paths
outside Rmon(t).

4. DYNAMIC MAZE SIMULATION SETUP

The robot starts at (-8.0, -8.0) and must reach (8.0, 6.0)
in a maze-like map. Three box-shaped dynamic
obstacles move with constant reciprocating motion at
0.15 m/s. Obstacle A moves along y = -5 from x =-2.2
to x = 2.2 and starts at x = -2.2 moving right. Obstacle B
moves along y = 0 over the same x interval and starts at
x = 2.2 moving left. Obstacle C moves along y =5 and
starts at x = 0.0 moving right.

The LLM used in this study was GPT-40-mini with a
temperature of 0.5. The LLM input consisted of the
robot's current pose, the final goal position, and
map-level obstacle information extracted from the
simulation world file. The obstacle information was
represented as rectangular objects, where each obstacle
was described as (X, y, width, depth, height). Dynamic
obstacle positions were not directly provided to the
LLM at every control step. Instead, the LLM generated
high-level waypoints based on the static map structure,
while dynamic obstacle interactions were handled by
the local motion controller and the failure-aware
replanning trigger.

The LLM output was a JSON-formatted waypoint
list. Each waypoint was represented as a
two-dimensional coordinate [x, y]| in the map frame.
The number of waypoints was not fixed and depended
on the LLM response. However, the first and last points
were constrained to correspond to the start and goal
positions. The generated waypoints were not directly
used as a continuous trajectory. Instead, each waypoint
was sequentially assigned as an intermediate navigation
goal. The navigation system then generated and
executed a local path between consecutive waypoints
using a global planner and a DWA-based local motion
controller.

For the main Proposed-40 setting, Ts = 40 s, epsilon_d
=0.2 m, v_min = 0.016 m/s, Nr =5, Wr=60s, and Tc
= 40 s. Rmon(t) is evaluated on each Nav2 feedback
update, while a 1 s monitor checks for a 15 s feedback
timeout. Recovery events are recorded whenever Nav2's



cumulative recovery count increases. After Rmon(t)
becomes true, one replanning request is issued, trep is
updated, and monitored requests are suppressed for Tc.
The contact-based trigger implemented for the ablation
was disabled in Proposed-40. The maximum numbers of
replanning attempts and navigation time were 50 and
600 s, respectively.

A trial was considered successful if the robot reached
the final goal within the 600 s navigation limit and the
final distance to the goal was less than 0.30 m. A
waypoint was considered reached when the robot was
within 0.30 m of the waypoint position or when the
navigation system reported successful arrival at the
corresponding intermediate goal. A trial was counted as
a failure if the robot failed to reach the final goal within
600 s, if the number of replanning attempts exceeded
50, or if the navigation action was aborted by the
motion planning system.

5. COMPARATIVE EXPERIMENTAL
RESULTS

In this study, the baseline denoted as NavFn-DWA
uses the NavFn global planner [11] and the DWA local
planner [1]. This configuration serves as a classical
navigation baseline without LLM-generated waypoint
replanning.

Fig. 1 compares the five representative navigation
outcomes. The NavFn-DWA baseline does not produce
meaningful progress. One-shot LLM-DWA generates an
initially plausible route, but in most trials the fixed
waypoint sequence becomes stale as obstacle timing
changes, leading to unstable navigation or trapping.
Periodic LLM-DWA with a 12 s interval creates dense
replanning markers and becomes trapped in the left-side
dead-end, while the 25 s interval travels farther but still
degenerates into a timeout loop. In contrast, the
proposed method produces a complete route in the
representative successful case by replanning only after
accumulated failure evidence. Fig. 1 visualizes
representative trajectories rather than all trials; the
quantitative success rates over ten trials are summarized
in Table 1.
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Fig. 1. Representative trajectories of the NavFn-DWA
baseline, one-shot LLM-DWA, periodic LLM-DWA
with 12 s and 25 s intervals, and the proposed
failure-aware LLM-DWA.

Table 1. Comparative results of navigation strategies in
the dynamic maze.

Method Success Representative | Dominant
rate outcome observation
NavFn-DWA 0/10 No meaningful | Start-stage
baseline success progress planning
failure
One-shot 1/10 Initial route | Stale global
LLM-DWA success becomes waypoint
invalid sequence
Periodic 0/10 Dense Replanning
LLM-DWA 12 s | success replanning explosion and
markers left dead-end
lock-in
Periodic 0/10 Timeout Delayed
LLM-DWA 25 s | success trajectory recovery and
timeout loop
Proposed 5/10 Goal reached in | Failure-aware
LLM-DWA success multiple trials selective
replanning

Table 1 summarizes the comparative results and
associated failure modes. The proposed method had the
highest observed success count. To quantify uncertainty
with the available binary outcomes, we performed



exploratory two-sided Fisher exact tests comparing
Proposed-40 (5/10) with each baseline. The p-value was
0.0325 against NavFn-DWA, periodic LLM-DWA 12 s,
and periodic LLM-DWA 25 s (each 0/10), and 0.1409
against one-shot LLM-DWA (1/10). The 95% Wilson
intervals were 0.237-0.763 for Proposed-40, 0-0.278 for
each 0/10 baseline, and 0.018-0.404 for one-shot
LLM-DWA. With Bonferroni correction for four
comparisons (alpha = 0.0125), none of the pairwise
differences remained statistically significant.
Nevertheless, the proposed method achieved the highest
observed success count, supporting its feasibility under
the present experimental setting.

Table 2. Ablation results of failure-aware replanning
variants over 10 trials.

Variant Trigger Success Main
setting rate observation
Proposed-45 45s/5/45s 2/10 Conservative
trigger; delayed
necessary
replanning
Proposed-35 35s/4/35s 1/10 Faster trigger;

timeout failures
remained

Proposed-40 40s/5/40s 5/10 Best setting;
highest success

rate; stable

selective
replanning
Contact-aware | Contact-base 0/10 Over-reactive
d trigger replanning after
physical contact
Temperature-0 Deterministi 0/10 Deterministic
cLLM output alone did
output not resolve

failures

In Table 2, the trigger setting represents stagnation
time, recovery-trigger count, and replanning cooldown,
respectively. Proposed-45 was too conservative and
delayed necessary replanning, whereas Proposed-35
reacted faster but retained timeout failures. Proposed-40
achieved the largest observed success count (5/10),
suggesting a Dbetter balance between premature
replanning and delayed recovery in this environment. A
representative best run had a 71.552 m path length,
436.315 s navigation time, three LLM calls, and two
replanning events. These continuous metrics correspond
to a representative successful run; complete trial-level
logging will be used in future work to characterize
performance distributions. The contact-aware and
temperature-zero  variants  further  show  that
physical-contact triggering can be over-reactive and that
deterministic LLM output alone does not resolve local
failures.

6. FAILURE ANALYSIS AND DISCUSSION

The remaining failures were mainly associated with
physical interactions, particularly cases in which the
robot was pushed or trapped between a moving obstacle
and a wall. This suggests that high-level waypoint

replanning should be complemented by physically
aware local recovery. Although the present evaluation
focused on a single controlled dynamic maze, the results
provide initial evidence that failure-triggered replanning
can outperform fixed or periodic waypoint strategies.
Future work will evaluate diverse layouts and obstacle
dynamics, collect complete trial-level performance
distributions, and integrate map- or VLM-grounded
perception with local trap-escape behaviors [8], [9].

7. CONCLUSION

This paper presented a failure-aware LLM-DWA
replanning strategy for mobile robot navigation in a
dynamic maze. The proposed method regenerates
LLM-based waypoints when either low-speed
no-progress behavior or repeated recovery evidence is
detected, while a cooldown prevents excessive
replanning. In the conducted experiments, the proposed
method achieved the highest observed success rate of
5/10, compared with 0/10 or 1/10 for the tested
baselines. The results show that selective
event-triggered replanning provides a more effective
balance than one-shot or fixed-periodic waypoint
generation in the evaluated dynamic environment.
Future work will extend the evaluation to diverse
obstacle configurations and motion patterns, report
complete trial-level performance distributions, and
integrate high-level replanning with physically aware
local recovery and improved spatial grounding.
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