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Abstract

Test-time scaling offers a promising method to im-
prove the inference performance of Vision-Language
Models (VLMs) without additional training. Existing
approaches to vision-language navigation (VLN) for Un-
manned Aerial Vehicle (UAV) typically relies on a sin-
gle inference pass, which can falter in complex environ-
ments by producing suboptimal or unsafe trajectories.
In this paper, we explore a simple and effective approach
to apply test-time scaling to VLN for UAV. We enhance
navigation reasoning through an iterative refinement
process that requires no extra model training, guiding
the model to re-evaluate its initial navigation plan for
better accuracy and safety. Our method first prompts
the model to generate multiple parallel candidates and
then performs a self-correction step, achieving deeper
and more robust planning without changing the under-
lying model. To further strengthen decision-making,
we design a multi-criteria scoring function to evaluate
the refined candidates based on Safety, Goal-Alignment,
and Forward-Progress. This simple yet powerful com-
bination enables a frozen UAV navigation VLMs to self-
correct and generate more accurate and reliable flight
plans, achieving SOTA performance in this task. Ex-
tensive experiments on seen and unseen scenarios show
improvements in success-related metrics and path effi-
ciency, along with reduced navigation error.

Keywords: Vision-Language Navigation, UAV Naviga-
tion, Test-Time Scaling, Large Language Models

1. Introduction

Recently, the application of VLMs to the autonomous
navigation of UAVs has emerged as a research direction of
widespread interest. The core objective of this research is to
establish a more intuitive and flexible paradigm for human-
robot interaction. This would enable non-expert users to
deploy and control UAVs for complex tasks using simple
natural language instructions, thereby significantly lower-
ing the operational threshold. This technology presents a
wealth of application scenarios, including automated logis-
tics, large-scale infrastructure inspection, precision agricul-
ture, and post-disaster search and rescue. It is poised to
significantly enhance both operational efficiency and safety
in these critical domains. Figure 1 provides an example that
visually illustrates the complexity of such a task. The UAV
needs to interpret human-generated instructions and accu-
rately identify a specific red fire hydrant in a dense urban
environment filled with visual distractors such as red trash
cans and traffic cones. Consequently, developing intelligent
navigation agents capable of accurately understanding high-
level human commands and making robust and deliberate
decisions has become a recognized and crucial challenge at
the intersection of Artificial Intelligence and robotics.

Foundational work in this area has successfully demon-
strated the feasibility of VLMs-based navigation agents,
providing the research community with essential platforms
and baseline models. For instance, Wang et al. [1] pio-
neered the development of the OpenUAV platform, which
offers a realistic simulation environment for UAV-based
VLN, and established a baseline VLMs-based navigation
agent. Concurrently, other studies, such as the work by
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Instruction

The red fire hydrant is located on a paved 

sidewalk in an urban environment with a 

mix of tall buildings, some with notable 

architectural details, and wide streets. 

Various street objects such as traffic cones, 

trash bins, and poles are present nearby, 

along with scattered vegetation and parked 

vehicles, providing clear visual landmarks 

to help identify the location.

Figure 1. Task definition for UAV navigation. This set of images shows the target recognition process for a UAV in a simulation
environment. The red boxes represent negative samples, which are distracting objects whose color or shape might cause confusion (such
as traffic cones and trash cans). The green boxes represent positive samples, which are fire hydrants that need to be located.

Fan et al. [2], have explored aerial vision-and-dialog navi-
gation. These pioneering efforts have successfully validated
the fundamental feasibility of VLMs in translating language
instructions into flight trajectories. However, these stud-
ies predominantly employ a single-step decision-making
model, where the agent generates an action directly from the
current multimodal input. While this approach is compu-
tationally efficient, its decision-making process resembles
an instantaneous response. Consequently, its reliability in
complex and dynamic environments remains an area requir-
ing significant improvement.

Although existing methods have validated its feasibility,
their core challenge lies in the limitation of their planning
capabilities. These navigation agents lack the capacity for
more deliberate planning prior to action, such as evaluating
multiple possibilities and performing self-correction. This
deficiency leads to insufficient reliability when facing com-
plex or ambiguous instructions, often resulting in the gener-
ation of suboptimal paths. To enhance the decision-making
quality and robustness of UAV navigation agents, we in-
troduce the test-time scaling paradigm, which has proven

effective in the broader domain of large language mod-
els. This paradigm boosts a model’s reasoning depth and
breadth by allocating more computational resources at the
inference stage. It is primarily divided into two main strate-
gies: (1) sequential scaling, which utilizes techniques like
the Chain-of-Thought method developed by Wei et al. [3]
and the Self-Refine framework by Madaan et al. [4] to op-
timize a single decision chain; and (2) parallel scaling,
which employs methods like the Tree-of-Thoughts from
Yao et al. [5] to explore multiple reasoning paths concur-
rently. We contend that single-dimensional scaling has its
own limitations: purely sequential scaling, while deepening
the reasoning process, may become trapped in a local opti-
mum; purely parallel scaling, despite its broad exploration,
offers limited depth for each individual path.

Therefore, this research aims to explore an inference
framework that integrates parallel exploration with serial
refinement to improve the quality of planning and decision-
making for VLMs in UAV navigation tasks. To this end,
we have designed a “breadth-first, depth-optimized” infer-
ence strategy. First, the model generates multiple parallel



candidate trajectories through parallel exploration, which
prevents premature convergence on a single, suboptimal so-
lution. Subsequently, each candidate trajectory undergoes
a serial, iterative self-correction phase, where the model
is prompted to critically re-evaluate its initial plan. To
select the optimal solution from these refined candidates,
we introduce a multi-criteria scoring function that holis-
tically assesses each candidate path based on its Safety,
Goal-Alignment, and Forward-Progress. Our experiments
validate the independent contributions of both the sequen-
tial and parallel components. Ultimately, we demonstrate
that our proposed method achieves better navigation per-
formance compared to single-dimensional scaling strategies
and traditional baselines, while also verifying the positive
correlation between navigation SR and the inference-time
compute budget (token consumption).

2. Related Work

UAV Navigation. In recent years, research on drone
navigation has focused on addressing two core challenges:
maintaining precise positioning in environments with lim-
ited or denied GNSS signals, and ensuring flight safety in
complex scenarios with dynamic obstacles [6]. To address
these challenges, early fundamental research has primarily
explored multi-sensor fusion technology. One prominent
technical direction is to suppress the accumulated drift of
Visual-Inertial Odometry (VIO) through sensor fusion [7].
Combining VIO with LiDAR or Ultra-Wideband (UWB)
has been shown to be an effective means of achieving ro-
bust relative positioning. Further research has shown that a
comprehensive positioning architecture integrating VIO [8],
LiDAR odometry, and UWB anchors can provide highly ro-
bust navigation performance in extremely challenging envi-
ronments [9].

However, traditional sensor-level fusion approaches
struggle to address long-range navigation tasks requiring
advanced semantic understanding. To address this short-
coming, cutting-edge research is integrating the cognitive
capabilities of large language models (LLMs) into the nav-
igation decision loop. This shift from pure perception to
cognitive decision-making aims to enhance the planning
and reasoning capabilities of intelligent agents. For exam-
ple, studies have combined LLMs with vision-based ob-
stacle prediction, demonstrating their effectiveness in im-
proving the navigation safety of drones in crowded environ-
ments [10]. In the realm of high-speed flight, while sys-
tems combining onboard sensing with deep reinforcement
learning (RL) have demonstrated championship-level per-
formance in drone racing [11, 12], end-to-end reinforce-
ment learning methods are still primarily used to explore
basic point-to-point operations [13, 14]. On the other hand,
advanced environmental representation techniques are pro-
viding a new foundation for intelligent navigation. Re-

searchers are applying advanced 3D reconstruction tech-
niques such as NeRF and 3D Gaussian Splatting (3DGS)
to aerial viewpoints to support visual localization and tra-
jectory optimization with collision avoidance capabilities
[15]. Research in multi-agent collaboration and advanced
human-computer interaction continues to deepen. For ex-
ample, some work has leveraged UWB ranging to achieve
collaborative relative positioning of Micro-Aircraft (MAV)
swarms [16], or proposed “drone-guiding-drone” naviga-
tion schemes [17]. Furthermore, frameworks such as Aero-
Duo [18] further advance this research by separating en-
vironmental reasoning from fine-grained navigation using
heterogeneous drones operating at different altitudes. At the
same time, VLN is becoming a new research hotspot. The
groundbreaking work AerialVLN [19] facilitated the inte-
gration of language, perception, and control by providing
simulators and datasets. Building on this foundation, new
platforms and datasets such as UAV-Need-Help [1] further
advance this field by emphasizing realistic assisted target
search and command tracking trajectories.

VLMs. The field of VLMs is experiencing rapid devel-
opment, with both model capabilities and efficiency contin-
uously improving. This progress has led to the emergence
of a dominant technical paradigm: efficiently bridging pow-
erful pre-trained visual encoders with instruction-fine-tuned
LLMs through a lightweight projection layer. This robust
architectural foundation has further advanced research, ex-
tending the capabilities of VLMs from static image under-
standing to more complex dynamic multimodal reasoning
tasks. The evolution of such models was initially driven by
work such as LLaVA, which established the effectiveness of
fine-tuning visual instructions for single-image tasks such
as caption generation and VQA [20]. Subsequently, the ca-
pabilities of VLMs rapidly expanded beyond static inputs.
The development of the LLaVA family exemplifies this
trend: from LLaVA-OneVision [21], which supports mul-
tiple images and videos, to LLaVA-NeXT-Interleave [22],
which can handle interleaved and multi-view inputs, the
models’ ability to handle dynamic and complex visual in-
formation has been systematically enhanced. At the same
time, contributions from the open source community are
driving progress in this field along two key dimensions.
On the one hand, open source suites such as InternVL-1.5
are significantly narrowing the gap with leading proprietary
models by achieving superior performance in tasks such as
document reasoning [23]. On the other hand, model fami-
lies such as Qwen2-VL focus on architectural innovations,
introducing novel mechanisms such as dynamic resolution
tokenization to improve computational efficiency and long-
context understanding capabilities [24, 25]. The practical
deployment of VLMs, especially in resource-constrained
scenarios such as drones, faces severe computational ef-
ficiency challenges. Therefore, improving inference effi-



Figure 2. The Multi-Step Pipeline for Trajectory Generation and Refinement. (Left) The VLMs processes multimodal inputs,
including multi-view images and a language instruction, to produce a navigation output. This panel illustrates the potential outcomes of
different planning qualities, ranging from mission failure (e.g., getting stuck or collision) to success. (Right) The core of the method is
a three-stage processing pipeline. In Stage 1 (Parallel Exploration), the VLMs generates N distinct Candidate Trajectories based on the
initial input. In Stage 2 (Serial Refinement), each candidate undergoes M rounds of iterative self-correction, where the VLMs re-evaluates
and improves its own initial plan, resulting in a set of Refined Trajectories. Finally, in Stage 3 (Scoring & Selection), all refined trajectories
are evaluated by a scoring function, which selects the Optimal Trajectory to be executed by the UAV.

ciency has become a key research topic. In this area, in
addition to techniques such as dynamic resolution, a variety
of technologies have emerged to optimize token processing,
such as adaptive token pruning and compression (e.g., ATP-
LLaVA [26] and TokenPacker [27]). These methods signifi-
cantly reduce computational overhead while minimizing ac-
curacy loss, laying the foundation for model deployment on
edge devices. In summary, the collective advances in gen-
eral VLMs in long-context processing, cross-modal under-
standing, and computational efficiency have created a ma-
ture technical foundation for applying these models to com-
plex perception tasks requiring continuous decision-making
[28], such as embodied intelligence.

The value and potential of these advances are particu-
larly evident in the cutting-edge field of VLN for aerial plat-
forms, which also places higher demands on the models’
deliberative reasoning capabilities. Significant progress has
been made in task design and evaluation methods for aerial
VLN. The evolution of this research direction is clearly ev-
ident: from early foundational benchmarks such as Aeri-
alVLN [19] to more recent, end-to-end language-guided
flight systems that are closer to real-world applications,
such as VLFly [29]. As research deepens, new research
(such as FG-AVDN) has begun to focus on finer-grained
grounding mechanisms to overcome the performance bot-
tlenecks caused by the inaccurate alignment of commands
and visual information in early datasets. By introduc-
ing entity-landmark alignment, it significantly improves the

grounding accuracy of navigation commands [30]. In addi-
tion, recent research has begun to explore how to enhance
the long-term decision-making capabilities of models. For
example, FlightGPT uses the chain-of-thought reasoning of
VLMs to achieve better planning [31]. These diverse stud-
ies point to a clear trend: building a more scalable and ro-
bust visual-language navigation framework. However, ex-
isting work mainly achieves this goal by improving model
architecture or optimizing training strategies. In contrast,
our research has opened up a complementary research path:
we focus on the inference stage and explore how to improve
the inherent navigation performance of pre-trained models
by extending the technology at test time without changing
any pre-trained model parameters.

Test time scaling, which dynamically adjusts compu-
tational resources during inference, uses the “budget forc-
ing” technique to control the computational load during the
model inference process, thereby significantly improving
the performance of the model in complex inference tasks
without increasing training costs [32]. This strategy has
been explored across multiple application areas. For in-
stance, lines of work on neural architecture search [33] and
dynamic inference [34] support leveraging adaptive com-
pute to improve performance on difficult inputs. This con-
cept has also been validated in related fields. For exam-
ple, a recent review of test-time adaptation systematically
identifies a series of methods that share a core philosophy
with test time scaling: they all aim to improve inference per-



formance without retraining the model [35]. These diverse
research directions all point to a key underlying principle:
increasing computational input during the inference phase
effectively unlocks and enhances the model’s inherent rea-
soning capabilities [36]. Therefore, integrating technology
into UAV VLN tasks is a potential path to improve naviga-
tion performance.

3. Method

3.1. Overall Framework: Test Time Explore–Refine–
Select Navigation

We propose an inference framework that applies the test
time scaling paradigm to UAV navigation, designed as a
three-stage Explore–Refine–Select process. Our framework
aims to significantly enhance the robustness and accuracy
of VLMs when performing tasks in complex, dynamic envi-
ronments. This core mechanism reduces the risk of making
incorrect decisions based on single-gut thinking by intro-
ducing a systematic self-review and selection process.

As illustrated in Figure 2, our method consists of three
tightly integrated stages: Parallel Exploration, Serial Re-
finement, and Scoring & Selection. In the first stage, the
model diverges and explores multiple candidate navigation
points. In the second stage, it critically and iteratively re-
flects on and self-corrects each candidate. Finally, in the
third stage, a comprehensive scoring function evaluates all
optimized solutions to select the most reliable decision.

3.2. Dissecting the Three-Stage Pipeline

The following sections detail the design and implemen-
tation of the first stage, “Parallel Exploration”, the second
stage, “Serial Refinement”, and the third stage, “Scoring
& Selection”.

3.2.1 Stage 1: Parallel Exploration

The process begins with a parallel exploration stage, de-
signed to address the inherent uncertainties in complex nav-
igation tasks. We formalize the initial multimodal input as
a tuple I = (V,L), where V = {v1, v2, . . . , vk} represents
the visual observations from k different camera views, and
L represents the user’s natural language instruction.

In this phase, we are not seeking a single optimal so-
lution. We model the VLMs as a function F that takes a
multimodal input I . By driving the VLMs to generate N
different candidate coordinates in parallel through N inde-
pendent inference calls to the model, we obtain N initial
candidate points:

ci = F(I), ∀i ∈ {1, 2, . . . , N} (1)

Each initial candidate point ci is a coordinate point in
three-dimensional space. The final output of this divergent

thinking phase is a diverse set of initial candidates:

Cinitial = {c1, c2, . . . , cN} (2)

This set provides a broad foundation of initial hypotheses
for the subsequent refinement and selection stages, thereby
mitigating the risk of premature convergence on a subopti-
mal or unsafe path.

3.2.2 Stage 2: Serial Refinement

Following the exploration stage, each initial candidate point
ci from the set Cinitial undergoes a serial refinement pro-
cess, which forms the core of our iterative reasoning mech-
anism. The objective is to have the model critically re-
evaluate and optimize its own preliminary plan in a ‘self-
reflective‘ manner.

To achieve this, we introduce a self-reflective prompt
strategy. As shown in Figure 3, in the traditional prompt
word mode, the model generates predicted waypoint co-
ordinates in a single step. Because this direct response
model lacks a review process, the model can easily over-
look subtle obstacles or potential risks in the visual scene,
leading to potentially suboptimal decisions. In contrast,
our self-reflective prompt model optimizes this decision-
making process. First, through analysis of failure cases, we
discovered that the UAV consistently flew downward during
its initial phase and subsequently collided. Therefore, we
added global safety instructions to the prompts. The model
receives a preliminary prompt containing a global security
notice, allowing it to more realistically generate its initial
predicted waypoint coordinates, rather than simply flying
downward. We then reinject these waypoint coordinates
into the prompt along with an explicit self-correction in-
struction (“Wait, let’s reconsider...”), prompting the model
to critically reflect on its initial thinking. This reflection-
refinement process guides the model into deeper reflection,
ultimately producing more thoughtful, safer, and more reli-
able waypoint coordinates.

We model this process of reflection and correction as an-
other function, R. The input to this function comprises not
only the original multimodal observations I but also the ini-
tial point ci that is to be refined. In practice, we integrate ci
into a specific reflective prompt template, Tprompt, which
linguistically guides the model to perform a re-evaluation.
For instance:

“Wait, let’s reconsider. An initial plan was to
move towards [waypoints]. Based on the instruc-
tion and current view, let’s re-evaluate and pro-
vide a better plan.”

Here, [waypoints] is the string representation of ci. This
self-correction step can be formalized as:

c′i = R(I, ci; Tprompt) (3)



Figure 3. Comparison of the traditional prompt and self-reflective prompt workflows. (Top) shows the single-step, direct generation
process of the traditional Prompt. (Bottom) shows the“reflection-optimization” process introduced by our self-reflective Prompt, where an
initial plan is reevaluated to produce an optimized output.

where c′i is a more considered, refined point generated after
M rounds of self-correction by the model. This process is
executed for all N candidate points in Cinitial, ultimately
producing a higher-quality set of refined candidates:

Crefined = {c′1, c′2, . . . , c′N} (4)

The points in this set, having undergone the model’s criti-
cal self-appraisal, typically show significant improvements
in safety, feasibility, and goal-alignment compared to the
initial candidates, providing a superior input for the final

decision-making in Stage 3.

3.2.3 Stage 3: Scoring & Selection

In the final stage of the pipeline, we introduce a conver-
gent decision-making mechanism designed to adjudicate
the optimal path from the refined set of candidate points,
Crefined. To this end, we have designed a multi-criteria
scoring function that holistically evaluates each candidate
point. The evaluation is primarily centered around three
core dimensions: Safety, Goal-Alignment, and Forward-



Progress. For any given candidate point c′i ∈ Crefined, its
total score, Scoretotal(c

′
i), i is calculated using the following

weighted sum:

Scoretotal(c
′
i) = wobs · Sobs + wtar · Star + wprog · Sprog

(5)
where Sobs, Star, and Sprog represent the Safety score,

Goal-Alignment score, and Forward-Progress score, re-
spectively. The terms wobs, wtar, and wprog are their cor-
responding weighting coefficients, which we set to 0.5,
0.3, and 0.2 to ensure that safety is the primary consider-
ation in UAV flight. We assign the largest weight to Safety
score to reduce collision risk. We use smaller weights for
Goal-Alignment score to support task completion and for
Forward-Progress score to avoid aggressive long-step pro-
posals. The specific definitions for each scoring component
are as follows.

Safety Score (Sobs). This score is designed to quan-
tify the collision risk of a path, prioritizing UAV naviga-
tion safety. We assess the safety of the environment by
analyzing depth image data from multiple directions car-
ried by the UAV.Specifically, we select a set of K key
depth views (front, back, left, right, bottom), denoted as
D = {D1, . . . , DK}. To mitigate image edge distortion
and noise, we focus only on the central region of interest
(RoI) of each depth map Dk ∈ D, denoted as Rk. We first
find the minimum depth value within each Rk, which rep-
resents the nearest obstacle in that direction. The final safe
distance dsafe is defined as the minimum of the minimum
depth values in all Rk:

dsafe = min
k∈{1,...,K}

(
min
p∈Rk

Dk(p)

)
(6)

where p is the pixel point in Rk. In order to make the score
drop sharply when dsafe is small and increase slowly when
it is large, we use a logarithmic function to perform a non-
linear transformation. The final Safety score is:

Sobs = log(dsafe + 1) (7)

This function ensures that when the UAV approaches an ob-
stacle, a small improvement in the safety distance can lead
to a significant score gain, thus better guiding the model to
avoid dangerous areas.

Goal-Alignment Score (Star). This score is used to
evaluate whether the candidate points of orientation align
with the user’s final goal. Let the UAV’s current position be
pcurr, the candidate point be pc, and the global final target
point be ptar.

We define a candidate vector, v⃗cand = pc − pcurr, which
represents the direction of movement from the current po-
sition to the candidate point. Similarly, we define a target
vector, v⃗tar = ptar − pcurr, which represents the direction
from the current position to the final target. We measure the

directional consistency of these two vectors by calculating
the cosine similarity between them. To normalize the score
to the [0, 1] interval, we perform a linear transformation:

Star =
1

2

(
v⃗cand · v⃗tar

∥v⃗cand∥2 · ∥v⃗tar∥2
+ 1

)
(8)

When the candidate direction is exactly the same as the
target direction, Star = 1; when they are orthogonal, Star =
0.5; when the directions are completely opposite, Star = 0.

Forward-Progress Score (Sprog). This score is de-
signed to encourage the UAV to make effective forward
movements and avoid wandering in place or moving in a
small range. We use the Euclidean distance dprog between
the candidate point pc and the current position pcurr to
quantify the size of the forward progress:

dprog = ∥pc − pcurr∥2 (9)

However, directly using distance as a score has a draw-
back: a candidate point that is extremely far away but poten-
tially dangerous will receive an excessively high score, thus
affecting the balance of the decision. To solve this prob-
lem, we introduce the hyperbolic tangent function (tanh) to
normalize the distance:

Sprog = tanh

(
dprog
α

)
(10)

Because the tanh function exhibits diminishing returns, it
smoothly maps any distance value to the range [0, 1). When
the distance traveled is short, the score improves signifi-
cantly; however, as the distance becomes longer, the score
growth levels off. α is a scaling hyperparameter (set to
10.0 in our experiments) that controls how quickly the score
reaches saturation. This design rewards effective progress
while preventing the Forward-Progress score from dispro-
portionately dominating the final score.

Final Adjudication. After all candidate points are eval-
uated by the above scoring function, we will select the point
with the highest total score as the final navigation decision.
The best candidate point wbest is selected by the following
formula:

wbest = argmax
c′i∈Crefined

(Scoretotal(c
′
i)) (11)

where c′i is the refined candidate point generated by the
model after M rounds of self-correction. In UAV navigation
tasks, this multi-heuristic optimization mechanism can help
the UAV finally select a robust solution that achieves a good
balance between Safety, Goal-Alignment, and Forward-
Progress.



Method Test Set

TS UO UM
NE ↓ SR ↑ OSR ↑ SPL ↑ NE ↓ SR ↑ OSR ↑ SPL ↑ NE ↓ SR ↑ OSR ↑ SPL ↑

Random 222.20 0.14 0.21 0.07 260.14 0.16 0.16 0.16 202.98 0.00 0.00 0.00
Fixed Action [37]188.61 2.27 8.16 1.40 212.84 3.66 9.54 2.16 180.47 0.52 2.61 0.39

CMA [38] 135.73 8.37 18.72 7.90 155.79 9.06 16.06 8.68 141.68 2.30 10.02 2.16
TravelUAV [1] 110.99 22.94 44.92 19.50 124.79 24.48 41.49 21.53 143.08 5.32 15.45 4.61

Ours 106.32 24.96 47.39 20.93 121.11 25.76 43.08 22.66 135.58 6.26 16.81 5.26

Table 1. Quantitative comparison with existing methods on different test sets. We tested our approach on three different subsets: TS
(Test Seen), UO (Unseen Object), and UM (Unseen Map), comparing it with four different baselines. SR is the mission success rate, OSR
is the probability that the UAV is able to maintain the correct overall heading but fails to reach the target, SPL is the flight path efficiency
when the mission is successful, and NE is the distance difference between the UAV’s final position and the target. The results of Random,
Fixed Action, and CMA are cited from Wang et al. [1], and the results of TravelUAV are our replication values of the methods in that paper.

Method Par Ser NE ↓ SR ↑ OSR ↑ SPL ↑

TravelUAV [1] 1 1 110.99 22.94 44.92 19.50

Ours
2 1 111.29 23.06 44.71 19.83
3 1 108.16 23.27 45.13 20.37
3 2 106.32 24.96 47.39 20.93

Table 2. Parallel number comparison experiment. Par repre-
sents the number of candidate points generated or evaluated simul-
taneously. Ser represents the number of times a candidate point is
serially considered. The serial depth Ser is fixed at 1, and the par-
allelism Par is incremented from 1 to 3 to observe the impact of
the parallelism on various metrics.

3.3. Experimental replication and evaluation

The experimental reproduction process in this article
covers the complete implementation process, from environ-
ment configuration to performance evaluation. To avoid
dependency conflicts, we used Conda to create a separate
Python 3.10 virtual environment named llamauav, and in-
stalled the PyTorch 2.0.1 framework and its corresponding
computer vision library within this environment. We also
installed the project-specific LLaMA-UAV model depen-
dencies, including core modules built from source code and
optimization components to improve training efficiency,
such as the Ninja compiler and a specific version of the
Flash-Attention library. Furthermore, we installed the re-
maining necessary dependencies according to the require-
ments.txt file provided by the project and performed com-
patibility checks on the AirSim Python client to ensure
proper interaction between the simulation module and the
model training process.

For data preparation, we obtained the TRAVEL UAV
dataset [1] and its official classification information from
the Hugging Face platform. After obtaining the raw data,
we need to standardize it using the project’s preprocessing
tools. This not only generates trajectory description files in

Method Par Ser NE ↓ SR ↑ OSR ↑ SPL ↑

TravelUAV [1] 1 1 110.99 22.94 44.92 19.50

Ours 1 2 107.23 24.54 46.40 20.89
3 2 106.32 24.96 47.39 20.93

Table 3. Serial depth comparison experiment. The parallel num-
ber Par is fixed at 1, and the serial depth Ser is increased from 1 to
2 to observe the impact of the serial depth on various indicators.

a unified format, but also converts multi-view camera im-
ages into a tensor format recognizable by the model. This
creates a structured and standardized data input system, lay-
ing the foundation for subsequent model training and eval-
uation.

The model preparation phase involves loading and orga-
nizing multiple pretrained weights. The core model uses the
fine-tuned Vicuna-7B and layered trajectory decoder, the vi-
sual encoder uses the EVA-ViT-G and Q-Former modules,
and the object detection component is based on the Ground-
ingDINO model. These weight files must be placed in the
model zoo folder according to the project’s specified direc-
tory hierarchy to ensure correct model invocation and ini-
tialization.

The experimental simulation platform is built on AirSim,
which provides a high-fidelity virtual environment pack-
age covering various terrain types, including typical scenes
such as urban blocks, European-style buildings, and parks.
Before evaluation, the simulation server program must be
started and a stable communication channel with the sim-
ulation environment must be established by setting the ser-
vice port and the environment’s root directory path to ensure
smooth execution of the UAV navigation mission. Perfor-
mance evaluation is automatically completed through stan-
dardized scripts. The evaluation system supports DAgger
training mode and closed-loop evaluation mode. After run-
ning, it can automatically execute the entire process of navi-



gation trajectory generation, simulation data collection, and
performance indicator calculation, thereby achieving quan-
titative verification of the model’s comprehensive perfor-
mance under multiple scenarios.

4. Experiment

4.1. Experimental Setup and Results

We quantitatively evaluate our approach on three stan-
dard test sets: 1) TS (Test Seen) uses objects and scenes
seen during training. 2) UO (Unseen Object) contains new
objects not seen during training. 3) UM (Unseen Map) is
tested on new scenes not seen during training. We compare
against several baseline models, including: 1) Random: The
UAV chooses a completely random route pose at each deci-
sion point, without any planning or understanding. 2) Fixed
Action: This is a simple, rule-based, non-learning policy.
It maps keywords in commands to a set of predefined, dis-
crete actions, such as “cruise” meaning to move forward 5
meters. 3) CMA: This is a classic visual-language naviga-
tion model based on a cross-modal attention mechanism. It
learns to align the semantics of language commands with
the features of visual observations and make decisions. 4)
TravelUAV: This is a multimodal navigation method based
on a large language model that can simultaneously pro-
cess image and target commands to tackle complex naviga-
tion tasks. Its core is the hierarchical trajectory generation
mechanism, that is, the long-distance macro target position
is first planned by a large multimodal model, and then the
path decoder is combined with the front view image of the
UAV to generate a detailed flight trajectory sequence.

The model offers three optional assistant modes: L1, L2,
and L3, which provide different navigation assistance to the
UAV, with assistance levels decreasing in intensity. Specif-
ically, the L1 assistant provides continuous, high-frequency
guidance to ensure the UAV stays on course, the L2 assis-
tant provides low-frequency corrections only when the UAV
deviates from its path or encounters difficulties, and the L3
assistant provides minimal obstacle avoidance instructions
only when a collision is imminent. In the following ex-
periments, we uniformly select the L1 mode to verify the
effectiveness of our framework.

As shown in Table 1, our proposed method achieves
state-of-the-art performance on all standard test sets, pri-
marily attributable to its three-stage Explore–Refine–Select
reasoning framework. This framework first broadens the
search scope through parallel exploration to prevent the
model from prematurely falling into a single suboptimal
solution. Subsequently, each preliminary solution is crit-
ically reflected upon and refined through serial optimiza-
tion. Finally, a multi-criteria scoring function quantitatively
evaluates all optimized solutions based on Safety, Goal-
Alignment, and Forward-Progress to ensure the selection of

the overall optimal solution. The synergistic effect of these
three stages ultimately translates into higher SR, OSR, SPL,
and lower NE metrics in navigation tasks. Specifically, on
the TS test set, our method improves SR by 2.02%, SPL and
OSR by 1.43% and 2.47%, respectively, and reduces NE by
4.67%. On the UO and UM test sets, SR is improved by
1.28% and 0.94%, proving that the framework has a certain
generalization ability to new objects and environments.

We observe that the gains on UO and UM are smaller
than those on TS. TS contains 1410 trajectories from ob-
jects and scenes that are already present in training. In con-
trast, UO contains 629 trajectories and includes 13 objects
that do not appear in training. UM contains 958 trajectories
and includes 2 scenes that do not appear in training. These
changes introduce distribution shifts, so it is reasonable to
expect that the task becomes harder than TS. For UO, un-
seen objects change visual cues in the scene, which affect
perception and visual grounding. For UM, unseen scenes
change the spatial layout and free-space patterns, which
make waypoint selection less stable.

4.2. Analysis of Parallel and Serial Scaling Dimensions

As shown in Table 2, experimental results quantify the
positive correlation between model performance and the
number of parallel candidates. We fixed the serial depth
(Ser) at 1 and gradually increased the number of parallel
candidates (Par). The data shows that increasing Par from
1 (baseline) to 3 leads to modest improvements in SR, SPL,
OSR, and NE.

This trend can be attributed to the inherent randomness
and uncertainty in the generation of large language mod-
els. For any given complex instruction, VLMs can generate
a large number of seemingly plausible but highly detailed
outputs. A single generation (Par=1) can easily accidentally
sample a suboptimal initial candidate from this rich distri-
bution of possibilities. Increasing the number of parallelism
(Par=2 and Par=3) allows the model to sample a wider range
of possibilities. Due to the uncertainty of model generation,
a single attempt may result in a suboptimal solution. By
broadening the search range, we are able to explore more
possibilities, thereby increasing the probability of capturing
the global optimal candidate.

As shown in Table 3, the experimental results quantify
the positive correlation between model performance and se-
rial depth.When we fix the number of Par at 1, increasing
the Ser from 1 to 2 leads to overall performance improve-
ments in all reported metrics. This result is a direct mani-
festation of “test time scaling”, which involves allocating a
larger computational budget at inference time in exchange
for improved performance. The initial candidate points gen-
erated when Ser=1 can be considered the model’s initial
plan. By introducing a second revision step (Ser=2), we
force the model to perform a critical self-correction. This



Figure 4. A scatter plot of the model’s first phase of self-reflection after 100 parallel reflections. The green dots represent 100 possible
solutions, and the red stars represent the next pathpoints selected by a multi-criteria scoring function.

Figure 5. Correlation between the number of inference tokens
and model accuracy (measured in SR). This figure shows the re-
lationship between the number of tokens generated by the model
and SR under different test conditions. The figure uses a bar chart
to represent the number of tokens generated during the generation
phase (left vertical axis), and a broken line to represent the corre-
sponding SR (right vertical axis). It can be observed that as the
number of tokens generated during the inference phase increases,
the model’s SR continues to improve, indicating that a higher com-
putational budget can significantly improve the model’s inference
accuracy.

additional step consumes more computational resources, ef-
fectively increasing the model’s thinking time. This allows
the model to better identify and correct potential flaws in its
initial plan, such as suboptimal paths or overlooked safety
hazards.

A comprehensive analysis of the experimental results
shows that combining parallel exploration with serial revi-
sion maximizes navigation performance. As shown in Ta-
ble 2 and Table 3, our configuration (Par=3, Ser=2) achieves

the best results across all evaluation metrics, outperform-
ing any method that relies solely on a single expansion di-
mension. This reveals a significant synergistic effect: par-
allel exploration first ensures the model considers a diverse
range of initial policies, while the subsequent serial revision
deeply optimizes these policies. It is this combination of
breadth and depth that ultimately leads to the most reliable
and efficient navigation decisions.

4.3. Visualization of VLMs’ Planning Uncertainty

To visually demonstrate the VLMs’ uncertainty during
planning, we visualize the distribution of candidate way-
points generated by the parallel exploration phase based on
the TS dataset in Figure 4. Given the same initial state,
the candidate points generated by the model are scattered
in clusters across three-dimensional space, rather than con-
verging at a single point. It can be seen that when VLMs
makes decisions in the face of complex instructions, it
will generate the probabilistic nature of multiple candidate
points. This dispersion reflects inherent stochasticity of
large models, where sampling noise and ambiguous visual-
language cues yield multiple plausible plans. Traditional
single-step reasoning methods randomly select one of these
candidate points, leading to unstable decisions. Our parallel
exploration strategy is designed to systematically address
this uncertainty: by capturing this diverse set of possibili-
ties, it provides a comprehensive candidate set for the sub-
sequent scoring and prioritization phase, thereby selecting
a more reasonable and safe final decision.



Figure 6. Visualization of trajectories under different outcome categories. This figure visualizes the comparison between the 3D
flight paths generated by model evaluation and the actual trajectories. Blue lines represent the ground truth, while red lines indicate the
trajectories predicted and executed by the VLMs. The starting point (Start) is marked by a square, and the endpoint (End) is marked by a
triangle. The final target point is marked by a yellow star.

4.4. Computational Budget vs. Navigation Accuracy

Experimental data confirms a fundamental premise of
the test-time scaling framework: allocating more computa-
tional budget for inference (measured by token consump-
tion) is often associated with better navigation decision
quality. Experimental results based on the TS dataset con-
firm this positive correlation. As shown on the left side of
Figure 5, each data point represents a different configura-
tion: TravelUAV has a parallelism of 1 and a serial depth

of 1; Ours (a) has a parallelism of 2 and a serial depth of
1; Ours (b) has a parallelism of 3 and a serial depth of
1; Ours (c) has a parallelism of 1 and a serial depth of 2;
and Ours (d) has a parallelism of 3 and a serial depth of 2.
As the number of tokens consumed increases from 6,705 to
38,315, the SR steadily improves from 22.94% to 24.96%.
The data on the right side of the figure further confirms this
positive correlation. However, this trend is not absolute,
as diminishing returns and occasional fluctuations may ap-
pear under different prompts or environments. This result



demonstrates that allocating more computational resources
to model inference translates into more reliable navigation
performance.

4.5. Qualitative Analysis

To complement the quantitative findings, we performed a
qualitative analysis of the UAV’s navigation behavior. Fig-
ure 6 visualizes several trajectory cases generated by the
model and compares them with the ground truth. These
cases are categorized into three different result types: fail-
ure, oracle success, and success. (a-c) show failure cases
where the UAV did not reach the target point due to reasons
such as collision. (d-f) show oracle success cases where the
UAV was able to maintain the correct general heading, but
ultimately landed near the target area but did not success-
fully reach the target. (g-i) show success cases where the
UAV successfully reached the target.

5. Conclusion

In this paper, we propose a simple yet effective test-
time scaling framework to address the single-step decision-
making limitations of current visual language model-based
UAV navigation methods. This framework employs a three-
stage Explore–Refine–Select pipeline: First, a diverse set of
candidate waypoints is generated. Each candidate is then
optimized through a self-correction mechanism. Finally,
the optimal path is selected using a multi-criteria scoring
function, significantly enhancing the reasoning capabilities
of the frozen VLMs. Experimental results demonstrate that
our approach outperforms state-of-the-art TravelUAV base-
lines on key metrics across both seen and unseen object and
map test sets. Furthermore, we demonstrate that combin-
ing parallel and serial scaling yields superior synergy and
confirm a positive correlation between computational bud-
get and navigation accuracy. The key contribution of this
research is that it demonstrates that increasing the number
of deliberation steps in the reasoning process can effectively
improve the reliability of UAV navigation, which has signif-
icant safety implications for real-world applications. In the
future, we plan to explore how the model can adaptively ad-
just the breadth and depth of deliberation based on task dif-
ficulty and aim to deploy this approach in real-world UAV
systems for validation and application.
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