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Abstract— Autonomous navigation in highly constrained en-
vironments remains challenging for mobile robots. Classical
navigation approaches offer safety assurances but require
environment-specific parameter tuning; end-to-end learning
bypasses parameter tuning but struggles with precise control
in constrained spaces. To this end, recent robot learning
approaches automate parameter tuning while retaining classical
systems’ safety, yet still face challenges in generalizing to unseen
environments. Recently, Vision-Language-Action (VLA) models
have shown promise by leveraging foundation models’ scene
understanding capabilities, but still struggle with precise control
and inference latency in navigation tasks. In this paper, we
propose Adaptive Planner Parameter Learning from Vision-
Language-Action Model (APPLV). Unlike traditional VLA mod-
els that directly output actions, APPLV leverages pre-trained
vision-language models with a regression head to predict
planner parameters that configure classical planners. We de-
velop two training strategies: supervised learning fine-tuning
from collected navigation trajectories and reinforcement learn-
ing fine-tuning to further optimize navigation performance.
We evaluate APPLV across multiple motion planners on the
simulated Benchmark Autonomous Robot Navigation (BARN)
dataset and in physical robot experiments. Results demonstrate
that APPLV outperforms existing methods in both navigation
performance and generalization to unseen environments.

I. INTRODUCTION

Autonomous mobile robot navigation in complex, highly
constrained environments remains a fundamental challenge
in robotics, with critical applications spanning warehouse
logistics, autonomous delivery, and service robotics. The
central problem is enabling robots to safely and efficiently
navigate narrow passages and cluttered spaces with ex-
tremely low clearance while maintaining robust performance
across diverse, previously unseen scenarios.

Traditional navigation systems have established them-
selves as the industry standard due to their reliability and
safety assurances. However, they suffer from a critical weak-
ness: performance heavily depends on parameter configu-
rations that must be precisely tuned for each deployment
scenario, including velocity limits, cost weights, sampling
densities, and safety margins. This creates practical barriers:
it requires expertise most end users lack, is time-consuming
and environment-specific, and static parameters cannot adapt
to varying conditions within a single environment. To address
parameter sensitivity, end-to-end learning methods directly
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Fig. 1: APPLV instantiates the APPL paradigm with a VLA
model to dynamically adjust a classical navigation planner’s
parameters, learned from data collected in simulation.

map sensory inputs to control commands, bypassing pa-
rameter tuning entirely. While conceptually elegant, these
approaches sacrifice the interpretability and safety assurances
of classical systems and struggle to generalize beyond the
training distribution. In highly constrained environments
where tight clearances demand precision, real-world sensor
noise and actuation uncertainties make reliable generalization
even more challenging.

Recognizing the limitations of both extremes, hybrid ap-
proaches in robot learning have emerged to combine the
safety of classical navigation with learning-based adapt-
ability. The Adaptive Planner Parameter Learning (APPL)
family [1] exemplifies this paradigm by automating online
parameter selection, demonstrating improvements over both
manual tuning and end-to-end learning. However, these
methods struggle to generalize to unseen environments,
with performance degrading even in qualitatively similar
scenarios. Moreover, requiring human interactions [2]–[4] or
random exploration [5], their overall navigation performance
still leaves considerable room for improvement. In chal-
lenging spaces like narrow corridors or dense clutter, they
often exhibit suboptimal behavior, either showing excessive
caution that causes slow traversal or making aggressive
choices that compromise safety.

Recently, vision-language foundation models have demon-
strated remarkable capabilities in understanding complex vi-
sual scenes and reasoning about spatial relationships. Build-
ing on these advances, Vision-Language-Action (VLA) mod-
els have emerged as a promising paradigm for robot learning,



leveraging pre-trained Vision-Language Models (VLMs) to
directly map visual observations to robot actions. However,
VLA models face challenges when applied to constrained
navigation: they struggle with the centimeter-level precision
required in tight spaces and suffer from high inference
latency unsuitable for real-time control.

Motivated by these limitations, we propose Adaptive
Planner Parameter Learning from Vision-Language-Action
Model (APPLV, Fig. 1), which leverages a vision-language-
action model to predict navigation planner parameters rather
than actions directly. Specifically, a VLM processes custom
observations to extract multi-layer hidden states, while a
history encoder captures temporal context from prior frames.
These representations are fed into an action expert compris-
ing a Dense Prediction Transformer (DPT)-style regression
head [6] that fuses multi-layer features and temporal con-
text to predict parameters such as velocity limits, sampling
densities, and cost weights. These parameters configure a
classical navigation planner to generate executable robot ac-
tions, enabling fine-grained environmental adaptation while
maintaining safety assurances and computational efficiency.
We propose two training strategies for APPLV: supervised
learning fine-tuning from collected navigation trajectories
(APPLV-SL) and reinforcement learning fine-tuning (APPLV-
RLFT) to further optimize navigation performance. We evalu-
ate APPLV across four local planners on the simulated Bench-
mark Autonomous Robot Navigation (BARN) dataset [7], [8]
and in physical robot experiments, demonstrating superior
performance over existing parameter learning methods in
both navigation performance and generalization to unseen
environments.

II. RELATED WORK

We review related work on autonomous robot navigation,
tracing the evolution from classical parameter tuning to
end-to-end learning methods, and more recently to hybrid
approaches and foundation models.

Classical navigation systems require manual parameter
tuning for each deployment [9], [10]. While automated
optimization approaches using fuzzy logic [11] and neuro-
fuzzy systems [12] reduce manual effort, they remain fun-
damentally limited due to their assumption that a single set
of optimal parameters should fit everywhere in a deployment
environment. This has led researchers to explore end-to-end
learning methods that bypass parameter tuning entirely.

To bypass parameter tuning, end-to-end navigation meth-
ods directly map sensory inputs to control commands. Im-
itation learning approaches [13], [14] train navigation poli-
cies from expert demonstrations, and reinforcement learning
methods [15]–[18] learn through trial-and-error interaction
with environments. However, these approaches sacrifice the
interpretability and safety assurances of classical systems.
Moreover, they struggle to generalize beyond training dis-
tributions, particularly in highly constrained environments
where tight clearances demand centimeter-level precision and
real-world sensor noise creates additional challenges.

To address the limitations of both parameter tuning and
end-to-end learning, hybrid approaches combine classical
navigation methods with learning-based parameter selec-
tion. Neurofuzzy methods [19] use neural networks to tune
controller parameters. Reinforcement learning approaches
adapt cost functions [20] or dynamics parameters [21] to
varying environmental complexity. The APPL family [1]
enables dynamic parameter selection during navigation. AP-
PLD [2] learns parameter sets from demonstrations, APPLI [3]
from corrective interventions, APPLE [4] from evaluative
feedback, and APPLR [5] uses reinforcement learning to
learn a parameter policy. Although these approaches improve
upon both manual parameter tuning and end-to-end learning,
significant challenges remain: they struggle to generalize to
unseen environments, and overall navigation performance in
highly constrained spaces still leaves substantial room for
improvement [8], [22]–[24].

Recently, VLMs trained on large-scale image-text data
have demonstrated strong visual understanding capabilities.
Building on this success, VLA models [25]–[27] adapt these
foundation models to robotics by fine-tuning them to directly
predict robot actions. For navigation, approaches such as
LM-Nav [28], NaVILA [29], QUAR-VLA [30], and Om-
niVLA [31] apply VLMs to instruction following and multi-
modal goal specifications. While these foundation model ap-
proaches demonstrate strong language grounding and scene
understanding capabilities, their application to constrained
navigation has not been investigated before and suffers from
substantial limitations. Primarily designed and evaluated in
open spaces with high computational tolerance, they struggle
to achieve the centimeter-level precision required in narrow
passages and cluttered environments. Moreover, their large
model sizes result in high inference latency, causing control
delays unsuitable for real-time navigation.

Our approach, APPLV, explores an alternative direction:
instead of directly predicting actions, we leverage vision-
language models to predict low-level navigation parameters
for classical planners, enabling navigation in highly con-
strained spaces. By operating at the parameter level, APPLV
provides fine-grained adaptation to environmental constraints
while preserving the safety assurances and interpretability
of classical systems. Unlike direct action prediction that
demands high-frequency inference at every control step,
parameter prediction operates at a much lower frequency
since classical planners can autonomously produce real-
time actions under the same set of parameters, significantly
relaxing real-time computational constraints.

III. PRELIMINARIES

APPLV leverages pre-trained VLMs with superior reason-
ing capabilities further fine-tuned on robot navigation data
within the APPL paradigm to enhance the APPL parameter
policy’s ability to dynamically adjust planners’ parameters.

A. The APPL Paradigm

The APPL paradigm assumes a mobile robot equipped with
a classical navigation planner f : X×Φ → A, where X is the



planner’s state space (e.g., robot odometry, sensory inputs,
and navigation goal), Φ is the parameter space (e.g., velocity
limits, cost coefficients, and inflation radius), and A is the
action space (e.g., linear velocity v and angular velocity ω).
Given a state x ∈ X and planner parameters ϕ ∈ Φ ⊂ Rd

with d depending on the target planner, the planner generates
an action a = f(x;ϕ) = fϕ(x). APPL formulates parameter
learning in a meta-MDP with a meta-environment E that
combines the physical world W and planner f . The meta-
state st = (xt, ϕt−1) ∈ S = X × Φ includes both the
planner’s state and previous parameters, while the meta-
action is the parameter configuration ϕt ∈ Φ. An APPL
agent learns a parameter policy πp : S → Φ that selects
parameters to maximize expected cumulative reward, instead
of the conventional motion policy πm : X → A that issues
raw motor commands. Building upon the classical navigation
planner f , APPL inherits f ’s safety and explainability.

B. Vision-Language Models

VLMs learn joint representations of visual and linguis-
tic information by pre-training on large-scale image-text
datasets. A typical VLM consists of a visual encoder, a
projection module, and a Large Lanugage Model (LLM)
backbone, trained end-to-end with a next-token prediction
objective. Qwen2.5-VL [32] follows this architecture, en-
coding image inputs as patch embeddings that are projected
and concatenated with text tokens before being processed by
the LLM. VLMs can be efficiently adapted to downstream
tasks via Low-Rank Adaptation (LoRA) [33], which inserts
trainable low-rank matrices into the transformer layers while
keeping pre-trained weights frozen.

IV. APPLV

Fig. 2 illustrates the APPLV architecture. The meta-state
is st = (xt, ϕt−1), where the planner’s state xt comprises
a current custom image It, historical images from previous
frames {It−k}Kk=1, and current robot state including linear
and angular velocities, while ϕt−1 are the previous planner
parameters. A Qwen2.5-VL-3B model processes the current
image with a language prompt, extracting multi-layer hidden
states. These features are concatenated with features from
the history encoder and fed into a DPT regression head to
predict planner parameters ϕt, which configure the classical
navigation planner f to generate motion control commands.

A. The APPLV Model Architecture

1) Training Dataset: Each training sample consists of a
custom image It, historical frames {It−k}Kk=1 for tempo-
ral context, robot current linear and angular velocity state
encoded in the text prompt, and corresponding planner
parameters ϕt. The custom image (Fig. 2, top left) is a top-
down RGB representation of the robot’s local environment
with:

• Gray background: environment background in gray;
• Red overlay: laser scan of obstacles;
• Blue path: global path from the robot to its goal; and
• Robot marker: robot footprint in the base link frame.
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Fig. 2: APPLV Architecture. A VLA model processes current
and historical states to predict planner parameters, which-
configure a classical navigation planner to generate motion
control commands.

Samples are stored in JSON format and shuffled during
training. The demonstration dataset for supervised learning
comprises data from two sources: (1) hand-crafted heuristic
rules designed by an expert roboticist that map perceived
environmental conditions (e.g., obstacle density and corridor
width) to predefined parameter configurations, and (2) poli-
cies learned by the APPLR [5] baseline method. Both data
collection approaches are detailed in Section V-A.

2) Vision-Language Backbone: Qwen2.5-VL-3B is em-
ployed to extract visual-semantic representations from cus-
tom images and text prompts. The model consists of a
Vision Transformer (ViT) encoder [34] and a language
model backbone. Unlike standard VLM applications that
generate text outputs, intermediate hidden states are extracted
for parameter regression. Hidden states from the last four
transformer layers are extracted as {h(l)

t }Ll=L−3, where each
h
(l)
t ∈ RN×256 represents N tokens. These multi-layer fea-

tures capture spatial patterns at different levels of abstraction.
During training, the vision encoder is frozen, while the
language model is adapted using LoRA with rank r = 64
and scaling factor α = 128 to enable parameter-efficient
fine-tuning.

3) History Encoder: To incorporate temporal context, a
lightweight history encoder processes prior visual frames.
A convolutional network extracts spatial features from each
frame independently. The frame-level features are augmented
with learnable positional embeddings and fed into a temporal
transformer encoder that models sequential dependencies
across frames. The encoded historical representation is fused
with the current frame’s VLM features in the DPT head,
enabling temporally-aware parameter predictions.

4) DPT Regression Head: The DPT regression head [6]
serves as the action expert, fusing multi-layer hidden states
with encoded historical features to predict planner param-
eters. The architecture reassembles tokens from different
transformer stages into feature representations and progres-
sively combines them through convolutional fusion. Each
layer’s hidden states h

(l)
t are projected to a unified feature
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space: f
(l)
t ∈ RN×256. Features are fused progressively

from deeper to shallower layers using residual convolutional
blocks, with the historical context concatenated during fu-
sion. The fused representation undergoes attention-weighted
pooling to produce a global feature vector zt ∈ R256. A
final MLP regresses the parameter vector: ϕt = MLPreg(zt),
where ϕt ∈ Rd with d depending on the target planner.

5) Classical Navigation Planner: The classical naviga-
tion planner receives predicted parameters ϕt and gener-
ates motion control commands (vt, ωt). Different planner
implementations share a common parameterized structure
where ϕt configures behavior-critical aspects such as velocity
limits, cost function weights, planning horizons, and infla-
tion radius. Based on these parameters, the planner selects
optimal actions while ensuring kinodynamic feasibility and
collision avoidance. This design allows the VLA model to
adapt planning behavior across diverse scenarios and planner
types through learned parameter selection.

B. Training Strategies

1) Supervised Learning (APPLV-SL): The base VLA
model is trained via Behavior Cloning (BC) on demonstra-
tion trajectories (Fig. 3 left). As illustrated, raw demonstra-
tion data is first processed through a representation step that
converts environmental observations into custom images. A
sampling strategy then selects diverse training samples to
construct the final dataset. Given a dataset D of such samples,
the training objective minimizes mean squared error:

LSL =
1

|D|

|D|∑
i=1

∥ϕi − ϕ∗
i ∥22,

where ϕi is the predicted parameter for sample i and ϕ∗
i is the

corresponding ground-truth parameter from demonstration
data.

2) Reinforcement Learning Fine-Tuning (APPLV-RLFT):
The second training strategy employs off-policy reinforce-
ment learning (Fig. 3 right). The VLA model can be initial-
ized from the supervised pretrained weights or trained from
scratch; we adopt the former for accelerated convergence.
The input and output spaces remain identical to super-
vised learning. A distributed collection framework deploys
multiple parallel collectors, each running the latest policy
to interact with an independent simulation environment.
Experiences are aggregated into a shared replay buffer. The
reward function encourages effective navigation through four
components: (1) progress reward rprogress measuring distance
reduction toward the goal, (2) collision penalty rcollision
enforcing safety constraints, (3) time penalty rtime promot-
ing efficient task completion, and (4) obstacle avoidance
reward robstacle encouraging safe proximity to environmental
obstacles. The total reward is: rt = rprogress + rcollision +
rtime+robstacle. The VLA model serves as the actor, predicting
planner parameters from visual and state inputs. A separate
critic network estimates the value of the predicted parame-
ters. Training follows the Twin Delayed Deep Deterministic
Policy Gradient (TD3) algorithm [35]: the critic is updated
every step by minimizing temporal difference error between
predicted and target Q-values, while the actor is updated
every two steps by maximizing the critic’s Q-value estimate.
Periodic policy synchronization ensures collectors use recent
policies, balancing exploration and exploitation.



Fig. 4: Physical deployment of two BARN Challenge envi-
ronments

V. EXPERIMENTS

The BARN Challenge benchmark focuses on highly con-
strained scenarios with narrow passages and dense obstacles.
We integrate APPLV with four representative local plan-
ners: DWA [36], TEB [37], MPPI [38], and DDP [39].
APPLV is compared against baselines spanning heuristics,
BC, reinforcement learning, and zero-shot foundation model
approaches. Experiments are conducted across 300 simulated
BARN environments [7], with additional real-world valida-
tion on a Clearpath Jackal robot.

A. Experimental Setup

1) Navigation Planners: To demonstrate that APPLV gen-
eralizes across different navigation planners, we integrate it
with four representative local planners: DWA [36], which
samples velocity commands within the robot’s dynamic
window; TEB [37], which optimizes an elastic band of
timed poses under kinodynamic constraints; MPPI [38], a
sampling-based planner that computes optimal controls via
weighted averaging of stochastic rollouts; and DDP [39],
a recently proposed dynamics-based planner that achieved
second place in the 2025 BARN Challenge [8]. DWA and
TEB are integrated from the ROS move_base stack, while
MPPI and DDP are custom C++ implementations.

2) Baseline Methods: We compare APPLV against four
baseline methods for navigation parameter prediction:

Heuristic Expert represents the traditional approach to
parameter configuration in classical navigation systems. An

expert roboticist designs hand-crafted rules that map per-
ceived environmental conditions, such as obstacle density
and corridor width, to predefined parameter configurations.
This baseline reflects common practice in real-world deploy-
ments and establishes a practical comparison for learning-
based methods.

APPLR [5], a representative method from the APPL fam-
ily [1], trains a TD3-based reinforcement learning policy that
maps laser scan observations to navigation parameters. This
purely RL-based approach has demonstrated substantial im-
provements over static parameter configurations in classical
planners like DWA, serving as a strong baseline for learned
parameter adaptation.

Transformer BC serves as a controlled baseline to isolate
the contribution of vision-language pre-training. We train a
transformer model from scratch with a comparable number
of parameters and the same training data as APPLV, using
supervised learning on collected demonstrations to predict
navigation parameters. Unlike APPLV which fine-tunes a pre-
trained VLM, Transformer BC uses random initialization,
allowing us to quantify the performance gain from leveraging
vision-language pre-training.

Zero-Shot VLM evaluates whether foundation models can
solve navigation parameter prediction without task-specific
training. We prompt GPT-4o [40] with custom images and
robot state to directly generate navigation parameters as
text output, relying entirely on the model’s zero-shot spa-
tial reasoning and numerical estimation capabilities. This
baseline demonstrates the performance gap between zero-
shot prompting and task-specific fine-tuning, validating the
necessity of adapting foundation models to navigation tasks.

3) Experimental Environments: Our evaluation encom-
passes both simulated and real-world scenarios. The BARN
benchmark [7] provides 300 highly constrained environments
with diverse obstacle configurations generated via cellular
automata for training (Fig. 3, middle left). An additional set
of 300 entirely different environments is used for testing to
evaluate generalization to unseen scenarios. Physical experi-
ments are conducted in indoor test courses using a Clearpath
Jackal robot (Fig. 3 bottom; Fig. 4).

4) Pre-Train Dataset Collection: Training data is col-
lected using both Heuristic Expert and APPLR parameters in
simulation environments. For each of the four planners, we
execute 1000 trajectory attempts per environment across all
300 BARN training environments, collecting both successful
and failed navigation experiences. During each trajectory
execution, we record per-step observations at 0.5-second in-
tervals, including custom images, robot velocities, and corre-
sponding planner parameters. Each trajectory contains multi-
ple time steps, forming a sequence of navigation experiences.
To ensure dataset quality and balance, we employ two sam-
pling strategies: difficulty-aware sampling and motion-aware
filtering. Difficulty-aware sampling classifies environments
into four difficulty tiers based on average navigation score
from the BARN Challenge. We apply progressively relaxed
score thresholds across tiers: easier environments retain only
high-scoring trajectories to focus on successful behaviors,



TABLE I: Performance Comparison of Methods Grouped by Planners on 300 Test BARN Environments.

Planner Method Success (%) ↑ Avg. Time (s) ↓ Avg. Score ↑ Collision (%) ↓ Timeout (%) ↓

DWA

APPLR 73.15 27.38 0.296 11.87 14.98
Heuristic Expert 82.47 25.83 0.328 07.50 10.03
Transformer BC 83.03 27.58 0.323 08.21 08.75
Zero-Shot VLM 81.00 31.27 0.301 10.00 09.00
APPLV-SL 86.10 21.58 0.357 07.51 06.39
APPLV-RLFT 87.20 18.68 0.374 06.51 06.29

MPPI

APPLR 78.53 24.73 0.356 07.40 14.07
Heuristic Expert 84.48 23.41 0.365 14.17 01.35
Transformer BC 83.68 20.42 0.378 06.52 09.80
Zero-Shot VLM 85.24 22.02 0.367 08.02 06.74
APPLV-SL 88.93 17.82 0.415 09.84 01.22
APPLV-RLFT 89.70 16.75 0.434 07.30 03.00

TEB

APPLR 79.17 20.29 0.362 05.53 15.30
Heuristic Expert 86.61 19.11 0.388 00.58 12.81
Transformer BC 90.25 20.35 0.383 02.10 07.64
Zero-Shot VLM 89.31 16.64 0.398 01.07 09.61
APPLV-SL 90.00 17.61 0.429 00.78 09.22
APPLV-RLFT 90.30 12.51 0.441 08.90 00.70

DDP

APPLR 85.35 15.66 0.404 07.93 06.72
Heuristic Expert 89.50 16.09 0.418 02.38 08.12
Transformer BC 85.57 18.16 0.411 02.36 12.05
Zero-Shot VLM 92.50 16.18 0.417 00.50 04.00
APPLV-SL 92.68 15.28 0.440 01.66 05.65
APPLV-RLFT 94.34 13.63 0.463 01.98 03.68

Each environment is tested 3 times. Bold indicates the best result within each planner group.

while harder environments gradually lower the threshold
to admit broader trajectory distributions, ensuring sufficient
training data diversity in challenging scenarios where high-
scoring trajectories are scarce. Motion-aware filtering evalu-
ates whether each frame makes progress toward the goal by
measuring the distance reduction to the target. Frames with
forward progress (i.e., distance to goal decreases) are fully
retained as they demonstrate effective navigation behavior. In
contrast, stagnant or rotational frames (i.e., distance to goal
unchanged or increasing) are subsampled at approximately
10% retention rate, as they provide limited learning value
while still capturing obstacle avoidance behaviors. After
applying both sampling strategies, we obtain approximately
30,000 high-quality training samples per planner.

5) Training Parameters Configuration: The APPLV model
processes 600×400 pixel custom images, which together with
text prompts occupy approximately 601 tokens as input to the
VLM. The model consists of three main components: LoRA
adapters (330M parameters) applied to the pre-trained vision-
language backbone, a DPT-style regression head (3.8M pa-
rameters), and a history encoder (1.7M parameters). During
supervised pre-training, we train the model with a batch size
of 4, optimizing the LoRA adapters, history encoder, and re-
gression head while keeping the VLM backbone frozen. For
Reinforcement Learning Fine-Tuning (RLFT), we adopt a
TD3-based framework where the actor network is initialized
from the supervised learning checkpoint. The critic network
has the same architecture and parameter count as the actor,
but with independent parameters. Unlike APPLR [5], which
uses a 2-layer MLP to map 721-dimensional observations
(720 laser rays + goal angle) to navigation parameters,
our actor processes custom images through the full APPLV

architecture with vision-language representations. We use
ZeRO-2 optimization with a batch size of 42 during RLFT.

6) Software and Hardware Configuration: All simulation
experiments are conducted on a SLURM cluster using Sin-
gularity containers [41]. The simulation environment runs
Ubuntu 20.04 with ROS Noetic and Python 3.8, executing
250-300 parallel Gazebo instances. Simulations communi-
cate with FastAPI inference servers on A100 GPU nodes.
Physical experiments use a Clearpath Jackal robot with a
Hokuyo LiDAR sensor (720-dimensional scans, 270° field
of view). The robot’s onboard computer sends observations
to an RTX 5070 Ti GPU server via FastAPI for real-
time parameter prediction. Model training and inference use
Python 3.10. The APPLV model is built on Qwen2.5-VL-3B.
Inference latency per prediction is approximately 0.41s on
RTX 5070 Ti, 0.47s on RTX 3080, and 0.27s on RTX 5090.

B. Experimental Results

We evaluate navigation performance in simulation using
the BARN Challenge scoring metric [8], which balances suc-
cess rate and traversal time efficiency. Physical experiments
use success rate, completion progress, and traversal time as
metrics.

1) Simulated BARN Environments: Table I presents the
performance of APPLV against baseline methods across four
local planners on 300 unseen BARN test environments. Both
APPLV-SL and APPLV-RLFT demonstrate substantial improve-
ments over all baselines in terms of success rate, navigation
time, and overall navigation score. To isolate the contribu-
tion of vision-language pre-training, we compare APPLV-SL
against Transformer BC, which uses a comparable model
size and the same training data but is trained from scratch.



TABLE II: Performance in Test Physical Environments.

Planner Method Success ↑ Progress (%) ↑ Time (s) ↓

DWA

APPLR 0/6 13.00 ± 3.2 120.00 ± 0.0
Heuristic Expert 0/6 37.00 ± 4.5 120.00 ± 0.0
Transformer BC 0/6 40.00 ± 3.8 120.00 ± 0.0
APPLV-SL 0/6 64.00 ± 2.7 120.00 ± 0.0
APPLV-RLFT 1/6 75.00 ± 3.5 95.00 ± 2.9

MPPI

APPLR 1/6 32.00 ± 4.1 102.00 ± 3.6
Heuristic Expert 3/6 73.00 ± 2.8 80.00 ± 4.7
Transformer BC 2/6 71.00 ± 3.4 61.00 ± 2.5
APPLV-SL 6/6 100.00 ± 0.0 40.00 ± 3.9
APPLV-RLFT 6/6 100.00 ± 0.0 34.00 ± 2.3

TEB

APPLR 0/6 18.00 ± 4.2 120.00 ± 0.0
Heuristic Expert 1/6 32.00 ± 3.6 105.00 ± 4.8
Transformer BC 1/6 34.00 ± 2.9 103.00 ± 3.7
APPLV-SL 2/6 64.00 ± 4.4 83.00 ± 2.6
APPLV-RLFT 2/6 87.00 ± 3.1 67.00 ± 4.5

DDP

APPLR 0/6 22.00 ± 3.8 120.00 ± 0.0
Heuristic Expert 2/6 78.00 ± 2.4 56.00 ± 3.3
Transformer BC 3/6 76.00 ± 4.6 64.00 ± 2.7
APPLV-SL 6/6 100.00 ± 0.0 34.00 ± 4.1
APPLV-RLFT 6/6 100.00 ± 0.0 32.00 ± 3.5

Each environment is tested 3 times. Bold indicates the best result within
each planner group.
APPLV-SL consistently outperforms Transformer BC across
all planners, validating that leveraging pre-trained VLMs
significantly improves performance. Comparing APPLV-SL
with Zero-Shot VLM (GPT-4o prompted to output parame-
ters) evaluates whether fine-tuning is necessary. While Zero-
Shot VLM demonstrates reasonable performance, APPLV-SL
achieves superior results, particularly with simpler planners.
This indicates that task-specific fine-tuning remains essential
despite foundation models’ spatial reasoning capabilities.
APPLV-RLFT consistently improves upon APPLV-SL across all
planners, demonstrating that RLFT effectively optimizes for
task objectives beyond supervised imitation. Compared to the
reinforcement-learning-only baseline APPLR, APPLV-RLFT
achieves substantially higher success rates and faster nav-
igation across all planners, validating that vision-language
representations significantly outperform laser-scan-based ap-
proaches.

2) Physical Experiments: We conduct physical robot ex-
periments in two distinct real-world environments, with each
configuration tested three times. Performance is evaluated
by success rate, average progress percentage, and average
completion time. Progress percentage measures the distance
covered toward the goal, reaching 100% upon successful ar-
rival. Failed or timed-out trials are assigned a maximum time
of 120 seconds. We exclude Zero-Shot VLM baselines from
physical experiments due to their prohibitively long inference
time. Table II presents the physical experiment results across
four planners. APPLV consistently outperforms all three base-
lines (APPLR, Heuristic Expert, and Transformer BC) across
all planners, with APPLV-RLFT surpassing APPLV-SL in all
cases. Notably, DWA and TEB from ROS move_base exhibit
significantly degraded performance in physical deployment
compared to simulation, while custom C++ implementations
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Fig. 5: Effect of Training Data Size (APPLV-SL).

of MPPI and DDP maintain strong performance. This dis-
crepancy arises from fundamental architectural differences:
DWA and TEB rely heavily on costmap-based global path
planning, where even minor localization errors can cause se-
vere costmap distortions. When the inflation radius becomes
misconfigured due to these errors, the global planner may
fail to generate valid paths, causing navigation failure. In
contrast, custom MPPI and DDP implementations depend
primarily on direct laser scan observations and maintain a
history of global paths, making them more robust to transient
localization errors in physical environments.

C. Effect of Training Data Size

We investigate the impact of training data size on APPLV-
SL by varying samples from 1,500 to 5,500. Fig. 5 shows that
performance does not monotonically improve with data size.
All planners reach peak performance at moderate data sizes
and plateau or degrade thereafter. This suggests that addi-
tional data primarily helps the VLM learn feature represen-
tations rather than memorize examples. Once core features
are captured, further data provides diminishing returns.

VI. CONCLUSION

We present APPLV, which leverages vision-language mod-
els for adaptive navigation planner parameter learning. This
work demonstrates that pre-trained VLMs possess power-
ful visual reasoning capabilities for robot navigation. By
predicting planner parameters rather than direct actions,
APPLV enables dynamic adaptation while maintaining safety
assurances of classical planners.

Experiments across four planners on the BARN bench-
mark and physical robots show that APPLV consistently
outperforms existing methods, including APPLR, Heuristic
Expert, and Transformer BC. This validates that vision-
language models can effectively understand navigation sce-
narios and make informed parameter decisions, offering
a promising direction for adaptive robot navigation that
combines foundation model strengths with classical planning
reliability.
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