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Abstract

Offline action prediction does not by itself guarantee reliable closed-loop flight for un-
manned aerial vehicle (UAV) vision-language-action (VLA) models. We study a controlled
AirSim Blocks waypoint task using 100 expert episodes and 3385 RGB-D, instruction, state,
and action records. Checkpoints are selected only on val-seen data, after which val-unseen
is evaluated once. A 132,840-parameter policy reaches 0.9278 £ 0.0019 final-test action
accuracy across three training seeds, yet raw VLA control fails in closed loop. We therefore
embed its action proposals in progress-aware hybrid execution with explicit recovery and
near-goal precision. The strongest checkpoint reaches 59/60 goals, but crossing three
independently trained checkpoints with three target seeds yields a more conservative
147 /180 successes (81.7%) with zero recorded collisions and marked checkpoint sensitivity.
Substantial overrides and fallback-tagged steps further show that the reported closed-loop
outcomes are properties of the hybrid system, not of the learned policy alone. These
findings are restricted to the controlled AirSim Blocks benchmark and do not demonstrate
real-UAV deployment, sim-to-real transfer, or field robustness.

Keywords: UAV navigation; vision-language-action model; RGB-D perception; AirSim;
imitation learning; hybrid execution; lightweight neural networks

1. Introduction

Autonomous unmanned aerial vehicles (UAVs) are increasingly expected to operate
in settings where navigation objectives may be specified through a mixture of coordi-
nates, visual context, and language-like instructions. Even in a controlled waypoint task,
the system must connect visual perception, instruction-conditioned action selection, and
low-level flight execution. This makes UAV navigation a useful testbed for studying
vision-language-action (VLA) models, drawing on progress in embodied navigation [1,2]
and robotic VLA systems [3,4]. It also makes overclaiming easy: a policy that predicts
local action labels from simulator state is not automatically a robust language-grounded
aerial robot.
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However, UAV-VLA differs substantially from VLA for tabletop manipulation or slow
ground-robot navigation. First, aerial platforms are highly sensitive to short sequences of
erroneous actions: a small yaw error, an unnecessary vertical command, or a premature
stop can rapidly accumulate into large spatial deviation. Second, UAV control is inherently
closed-loop. A policy that predicts plausible action labels offline may still fail when its own
actions change the future observation distribution. Third, real UAV experiments introduce
hardware cost, safety risk, battery constraints, and site limitations, which make broad
reproduction difficult. These factors create a practical gap between large, system-level VLA
demonstrations and the needs of low-cost, hardware-free UAV research.

This paper studies a deliberately focused version of the UAV-VLA problem. Rather
than attempting to deploy a large end-to-end VLA model on a real drone, we ask whether
a compact action-level RGB-D VLA policy can be trained, evaluated, and diagnosed in
a fully traceable AirSim pipeline [5]. The environment is AirSim Blocks, the language is
templated, the task is waypoint-oriented, and the goal is to quantify what can and cannot
be concluded from a low-cost UAV-VLA experiment. The motivation is first-principled:
before claiming full real-world UAV autonomy, one should verify whether the multimodal
action module benefits from vision, language, state, and action history, whether geometric
shortcuts dominate the result, and whether the resulting policy remains reliable when
placed in closed-loop control.

To this end, we construct an AirSim RGB-D VLA Blocks pilot dataset. Each step
contains a front RGB image, depth observation, natural-language instruction, UAV state
vector, previous action, and expert action label. The dataset supports controlled ablations
over state-only, vision-only, language-vision, and full VLA input configurations. It also
supports closed-loop evaluation in the same AirSim Blocks environment, allowing the raw
learned policy to be compared with progressively stronger hybrid execution variants.

The central empirical finding is that lightweight multimodal action imitation is feasible
but insufficient by itself. A compact VLA can learn the teacher-forced action labels in this
controlled setting, and diagnostic ablations help separate useful multimodal input from
geometric shortcuts. Yet the raw policy remains fragile in closed-loop deployment because
a step-level classifier can learn expert labels while still lacking the progress monitoring,
recovery behavior, and near-target precision needed for reliable autonomous navigation.

We therefore introduce and evaluate progress-aware hybrid execution around the
learned VLA policy. The action governor monitors whether the UAV is making progress
toward the target and replaces unsafe or non-progressing actions with geometry-based
recovery primitives. A near-goal precision controller reduces aggressive motion close
to the stopping threshold, mitigating overshoot and unstable termination. The correct
interpretation is not that raw VLA solves UAV navigation, but that a lightweight VLA can
become useful when embedded in an explicit, measurable execution layer.

The contributions of this work are as follows:

*  We build a low-cost, hardware-free, and traceable AirSim RGB-D UAV-VLA pilot
dataset containing synchronized RGB, depth, language, state, previous-action, and
expert-action fields.

*  We design and evaluate a tiny RGB-D VLA action policy that fuses visual observations,
natural-language instruction, UAV state, and previous action, while keeping the model
small enough for fast action-level inference.

*  We add no-coordinate language and no-goal-state ablations to test whether the result
depends on explicit coordinate tokens or geometric state shortcuts. These ablations
show that instruction coordinates are not the main driver, but explicit goal geometry
still contributes substantially.
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¢  We show through a locked-checkpoint execution ablation and a three-checkpoint
by three-target-seed closed-loop evaluation that raw VLA action prediction is not
sufficient for UAV navigation. Progress-aware hybrid execution and precision control
are necessary for reliable AirSim navigation, while the crossed evaluation exposes
substantial training-seed sensitivity.

*  We provide a careful efficiency and evidence-bound analysis: the full visual VLA
contains 132,840 parameters, occupies 0.521 MB, and runs at 0.9347 ms per CPU step,
but this action-level tiny VLA should not be directly compared with large token-level
VLA inference or real-drone deployment systems.

The rest of the paper is organized as follows. Section 2 reviews UAV vision-language
navigation, VLA models, hybrid execution, and lightweight deployment. Section 3 describes
the AirSim RGB-D VLA benchmark, model variants, and execution module. Section 4 reports
offline ablations, closed-loop comparisons, robustness analysis, and efficiency results. Section 5
discusses validity threats, scope, and future validation. Section 6 concludes with limitations
and future directions.

2. Related Work
2.1. UAV Vision-and-Language Navigation

Vision-and-language navigation has traditionally focused on ground-level agents that
follow natural-language instructions through indoor environments, beginning with the
Room-to-Room task and speaker-follower training setup [1,6]. Later VLN agents introduced
progress estimation and pretraining to improve generalization and route completion [7,8].
Recurrent cross-modal BERT encoders, history-aware transformers, and dual-scale graph
reasoning further expanded the model family for navigation instruction following [9-11].
Outdoor and street-view navigation datasets extend this line toward spatial reasoning at
urban scale [12,13]. UAV navigation changes the problem geometry and the failure modes.
Aerial agents operate in three-dimensional space, must handle altitude and yaw control,
and often require long-range semantic reasoning over sparse visual cues. UAV-oriented
vision-and-language navigation benchmarks have therefore introduced aerial trajectories,
panoramic or front-view observations, and metrics such as navigation error, success rate,
oracle success rate, and path efficiency [2]. More recent peer-reviewed work expands
this setting toward real-city aerial data, direction-aware language grounding, and tiered
hybrid planning [14-16]. These benchmarks show that aerial VLN remains difficult: route-
level semantic reasoning, stopping accuracy, unseen-scene transfer, and efficient execution
remain coupled challenges.

This literature motivates two observations that are central to our work. First, language
alone is insufficient for low-level UAV control, because the same high-level instruction
may correspond to many different step-wise actions depending on state, heading, depth,
and goal geometry. Second, successful aerial navigation usually requires a hierarchical
structure: semantic interpretation and target selection at a higher level, followed by a
reliable local execution mechanism. Our preliminary Aerial VLN-S experiments support the
same view. Temporal state history provides strong offline action prediction, while language
by itself performs poorly for step-level action classification. We therefore use UAV-VLN
results as contextual evidence, but we do not directly compare our AirSim Blocks action
accuracy with published SR, SPL, NE, or SDTW numbers, because the task definitions and
evaluation protocols are different.

2.2. Vision-Language-Action Models for Robotic Control

Vision-language-action models extend vision-language representation learning toward
embodied control by predicting robot actions from visual observations and language
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instructions. RT-1 and RT-2 demonstrate large-scale robotic transformer policies and web-
knowledge transfer to control [3,17]. Open X-Embodiment, OpenVLA, and Octo show how
broader robot datasets and open generalist policies can support cross-embodiment transfer
and adaptation [4,18,19]. Other embodied language systems ground high-level instructions
in robot affordances or multimodal planning rather than directly claiming low-level flight
control [20,21]. Imitation-learning policies such as BC-Z, diffusion policies, and action-
chunking transformers further illustrate the range of action representations used in robot
learning [22-24]. These models highlight the promise of unifying perception, instruction
following, and control, but they also expose a deployment tension: high-capacity models
are expensive to train and run, while many robotic platforms require fast, bounded, and
verifiable action execution.

For UAVs, this tension is sharper. The action space is not simply a sequence of
symbolic decisions; predicted actions must be converted into flight commands under
stability, collision, altitude, and stopping constraints. Recent aerial VLA preprints explore
large-scale mission generation, onboard geometric safety correction, and minimalist end-
to-end control [25,26]. We cite these works as current context rather than peer-reviewed
baselines. Their designs reinforce the need to distinguish a learned multimodal proposal
from the downstream action interface or controller. Our study instead focuses on an
extremely lightweight, action-level RGB-D VLA under a fully hardware-free AirSim setting.
The goal is not to match the scale or task breadth of recent aerial VLA systems, but to isolate
when compact multimodal action imitation helps and when explicit execution logic is
still required.

2.3. Hybrid Execution and Closed-Loop Control

Closed-loop navigation exposes errors that are invisible in offline classification. A
policy can achieve high validation accuracy on expert labels while still drifting, oscillating,
stopping too early, or failing to recover after an incorrect command. This problem is
particularly severe for UAVs because action errors can rapidly change viewpoint, altitude,
and future observations. Progress-monitoring and regretful VLN agents already show
the value of estimating whether navigation is actually moving toward the goal [7,27].
Imitation-learning theory gives a complementary warning: supervised policies can fail
under the state distribution induced by their own actions [28]. Safety-critical control
and local collision-avoidance methods provide another relevant layer for constraining
or replacing unsafe learned actions [29,30]. For aerial systems, trajectory generation and
flight-control middleware also make clear that learned decisions usually need a lower-level
execution interface rather than direct unbounded actuation [31,32].

Hybrid execution can take several forms: obstacle-distance checks, action override
rules, progress monitoring, speed reduction near the target, waypoint tracking, and fallback
controllers when the learned policy fails to reduce distance to the goal. In our setting, this
distinction is architectural rather than cosmetic. The learned policy proposes an action
primitive, but the executable UAV command is produced only after the proposal has passed
through transparent progress and safety checks. This design makes the final success rate
attributable to a hybrid system rather than to raw VLA inference alone.

2.4. Lightweight and Hardware-Free UAV Learning

Many UAV learning systems require either real flight data, large simulator assets, or
powerful onboard compute. Such requirements can be prohibitive for early-stage research,
where the goal is often to test architectural hypotheses rather than to build a complete
field-ready platform. Hardware-free simulation provides a practical intermediate layer: it
cannot replace real-world validation, but it can reveal failure modes, support controlled
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ablations, and make reproduction easier under limited resources. AirSim and Flightmare
are especially relevant for aerial or autonomous-vehicle simulation [5,33]. CARLA and
Habitat illustrate the broader role of reproducible simulators in autonomous driving and
embodied-Al navigation [34,35]. Gibson and AI2-THOR provide complementary examples
of interactive 3D environments for perception and visual Al research [36,37].

Lightweight models are also important for UAV control. Even when a high-level plan-
ner is available, the local action module may need to run at high frequency on a low-power
processor. Compact visual backbones such as MobileNets, SqueezeNet, and EfficientNet
show the long-standing value of small perception models for resource-constrained set-
tings [38-40]. At the same time, transformer, BERT, and CLIP-style pretraining established
the representation-learning backdrop for many modern vision-language systems [41-43].
For real UAV deployment, onboard autonomy platforms such as PIXHAWK highlight
why compute and integration constraints matter in practice [44]. A compact policy with
a small memory footprint is easier to deploy, profile, and debug than a large token-level
model. Our full visual VLA has only 132,840 parameters and a 0.521 MB checkpoint, and
its batch-one CPU latency is below 1 ms in our profiling. This does not imply equivalence
to large VLA inference or real onboard deployment, since our model is an action-level
tiny network evaluated in AirSim. It does, however, establish a useful lower-cost route for
studying RGB-D VLA action prediction and hybrid execution before moving to larger-scale
datasets or real UAV hardware.

2.5. Positioning of This Work

The above strands suggest a consistent picture. UAV-VLN benchmarks show that
aerial language navigation is difficult and benefits from hierarchy. Large VLA systems
show that multimodal policies can connect perception and action, but they often require
substantial data and compute. Robotics safety and local-control research shows that learned
actions must be constrained and monitored in closed loop. Lightweight simulation-based
research provides a low-cost route to isolate these issues before real deployment. Table 1
summarizes the positioning gap addressed by this work: the paper does not claim large-
scale open-world aerial autonomy, but instead studies whether a tiny multimodal action
proposer can be made useful inside an explicit progress-aware execution layer.

Table 1. Positioning of this work relative to related research families. The comparison is qualitative
because the cited systems use different environments, action spaces, and evaluation protocols.

Policy or

. Position of This Work
Perception Focus

Research Family Typical Setting Execution or Safety Layer

Route-level

UAV-VLN benchmarks [2,14-16]

Large robotic VLA systems [3,4,19]

Aerial instruction
following

Multi-task robot
control

language
navigation
High-capacity
multimodal

Usually evaluated through
navigation metrics

Often relies on
platform-specific action

Provides context for aerial language
navigation, but our task is a controlled AirSim
Blocks waypoint pilot.

Uses a much smaller action-level policy to
study reproducible UAV-specific failure modes.

policies interfaces
- . - o Expert-label action Offline supervised  Closed-loop €ITors can Separates teacher-forced action accuracy from
Imitation-learning navigation [28] - or aggregated accumulate under induced
prediction A closed-loop UAV success.
imitation states
- Constraint Explicit monitoring, . .
Safety and local control [29,30,32] Safety—'cntlcal robot satisfaction and fallback, and control Embeds VLA action Proposal§ in transparent
execution . : progress-aware hybrid execution.
executable motion  constraints
. . . . . Hardware-free LOW_COSt. Simulator-specific execution ~ Provides a traceable AirSim RGB-D UAV-VLA
Lightweight simulation studies [5,33] . reproducible . . ) oo .
controlled evaluation experiments and logging pilot with attribution metrics.

3. Method

3.1. Mathematical Modelling and Execution Interface

We formulate lightweight UAV-VLA navigation as action-primitive prediction fol-

lowed by hybrid execution. At each time step t, the UAV receives a multimodal observation
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Ot - {1 xt xtrst/at 1} (1)

where [ is a natural-language instruction, ngb is the front RGB image, x¢ is the depth
observation, s; € RDs is the UAV state vector, and a;_1 is the previous discrete action. The
learning objective is to predict an expert action primitive

it = fo(Or), 4 €{0,1,...,7}, ()

where the action set includes stopping, forward translation, yaw rotation, vertical motion,
and lateral avoidance primitives. In the current AirSim Blocks dataset, the recorded expert
labels are concentrated on stop, forward motion, yaw correction, and ascent; descent and
lateral avoidance are retained in the execution interface but are sparsely or not triggered by
the present Blocks trajectories. During closed-loop evaluation, the predicted action is not
executed blindly. Instead, it is passed through an execution module

ar = g(ﬁt, St, Pgoal/ dt/ Ht)/ (3)

where pgo“l is the target position, d; is the front-depth statistic, and H; denotes short-term
progress history. The final command 4; is converted into an AirSim velocity or yaw-rate
primitive. This separation reflects the central design principle of this paper: the VLA model
predicts compact action primitives, while the execution module enforces progress and
stable stopping.

Figure 1 summarizes the complete dataset-to-execution workflow.

templated
language

AirSim Blocks @ Step-level RGB-D @  Tiny multimodal @) Progress-aware @ Closed-loop AirSim
pilot environment VLA dataset action policy hybrid execution evaluation
basic action governor
.i @ i (kinematics & limits) *.j .’
.I One Step Record (¢ v "% 9

I progress monitor >
o (isit movmg closer?) .’ .i ‘j
_@, near- goal precision i Raw VLA
(fine control) J 0/60
[—Jj Progress governor
safe & unsafe or
vwsressms nor-progressing 59/60
Progress+precision
2 59/60
) hardware-free trin || valseen | | val-unseen keep VLA action 89""'9“7 fallback SPL
70% 15% 15% { i 0 collsig
@ traceable rollouts ] ‘W‘ ‘ 0784

Bd ree | Depth
6 istction | | - unvstate| | 1

) Prev. action | |  Expert action
(=1

v

RGB-D front sensors

° controlled waypoint task

100 expert episodes / 3385 steps

Figure 1. Overall workflow from the AirSim Blocks dataset to lightweight action prediction, hybrid
execution, and closed-loop evaluation. All right-panel closed-loop metrics refer to the locked seed-11
execution ablation.

3.2. AirSim RGB-D VLA Pilot Dataset

The pilot dataset is generated in AirSim Blocks using scripted expert rollouts. Each
episode samples a target waypoint and converts it into a templated language instruction,
for example, instructing the UAV to fly toward a left, right, or center target at a specified
altitude and stop when close. At every step, the system records synchronized RGB and depth
observations from the front camera, the current UAV state, the target-relative state vector, the
previous action, and the expert action chosen by the scripted controller. This simulator-first
protocol follows the same broad motivation as prior embodied-Al simulators: controlled data
generation and reproducible failure analysis before physical deployment [5,33,35].

https://doi.org/10.3390/s26144655


https://doi.org/10.3390/s26144655

Sensors 2026, 26, 4655

7 of 31

The state vector concatenates pose, goal, target-relative displacement, scalar distance,
front-depth statistic, current step index, and maximum episode length:

st = [pt, 7, P, p2° — pu, 1P — pillo, di, t, T), (4)

where p; is the UAV position, #, contains orientation terms used by the controller, d; is the
median valid front-depth value, and T is the maximum rollout length. In the current dataset,
this yields a 16-dimensional state vector. The three absolute target coordinates, three
target-relative displacement coordinates, and scalar target distance are simulator-provided
privileged goal-geometry fields. They are available by construction in this controlled
benchmark, but they are not treated as quantities that an onboard perception stack would
obtain without localization, goal estimation, and associated uncertainty.

The expert policy is geometry-based. It first stops when the target is sufficiently close,
then checks for near frontal obstacles, altitude error, yaw error, and finally forward motion.
The resulting action label is

0, if [p¥ — pil2 < estop,
6 or7, if front depth is unsafe and lateral avoidance is needed,

o — 4, if the UAV should ascend, 5)
5, if the UAV should descend,

2 or3, if yaw correction is required,

1, otherwise.

This expert is intentionally simple and traceable. It is not meant to be a complete UAV
planner; rather, it provides consistent step-level supervision for studying lightweight
RGB-D VLA imitation under controlled conditions.

3.3. Tiny RGB-D VLA Policy

The proposed policy is a compact multimodal network that fuses four input streams:
RGB-D visual observation, language instruction, UAV state, and previous action. It de-
liberately uses small learned encoders instead of importing a large pretrained backbone,
because the experiment is meant to isolate action-level evidence rather than scale model
capacity. Let the RGB-D tensor be

X = concat(x:gb, x7) € RP>HXW, (6)
The visual encoder is a small convolutional network:
Z?ZS = Evis(xt)/ (7)

consisting of three strided convolutional blocks, batch normalization, ReLU activations,
adaptive average pooling, and a linear projection. This design keeps the visual path
deliberately lightweight rather than relying on a large pretrained vision backbone.

The instruction is tokenized into a sequence of word indices and embedded by a
learned lookup table. Given token embeddings e, .. ., ey, the text feature is average pooled
over non-padding tokens:

1 L
txt Y
z - maX(l, L[) 1221 m;e;, (8)
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where m; is the token mask and L; = ) _; m; is the instruction length after tokenization. The
UAV state is normalized using training-set statistics and passed through a two-layer MLP:

Z?tm = Estate (st — I/’s)/‘TS)- )
The previous action is represented by a learned embedding:
z}""" = Eqet (821 + 1), (10)

where the offset reserves index zero for padding or missing previous action.
The full VLA feature is obtained by concatenation:

7 = [Z?zs’, tht; Z?tute’, Zf“’”]’ (11)

followed by a lightweight fusion head:
o = Wr ¢(LN(W;z; + by)) + by, p(ar = k|Oy) = softmax(o¢ ), (12)

where ¢(+) is ReLU and LN denotes layer normalization. The model is trained with cross-

entropy loss:
N

Lot = — log p(a,|Oy). (13)

1
N n=1
We evaluate both class-weighted and unweighted cross-entropy, train with AdamW, and
use layer normalization in the fusion head [45,46]. Although class weighting can increase
attention to minority action classes, the unweighted full VLA is used for closed-loop
evaluation because it gives the strongest val-seen-selected final-test result among the
original configurations. Closed-loop stability is not assumed from this offline score: three
independently trained unweighted checkpoints are evaluated separately in Section 4.6.
Table 2 gives the complete implemented architecture and preprocessing configuration for
reproducibility.

Figure 2 illustrates the separation between teacher-forced action prediction and gov-
erned closed-loop execution.

Table 2. Implemented configuration of the full lightweight RGB-D VLA policy. The vocabulary
size is reported for the full-language training configuration; the no-coordinate diagnostic uses a

15-token vocabulary.

Component

Configuration

Input

Visual encoder

Text encoder

State and action encoders
Fusion and prediction

Training and size

RGB-D tensor with 4 channels, resized to 64 x 64; full state vector of 16 dimensions; previous discrete
action; and tokenized instruction.

Conv 4 — 24 (kernel 5, stride 2, padding 2), Conv 24 — 48 (kernel 3, stride 2, padding 1), and Conv
48 — 72 (kernel 3, stride 2, padding 1); each convolution is followed by batch normalization and
ReLU; adaptive average pooling to 1 x 1; Linear 72 — 128 and ReLU.

Lowercase regex tokenization using [a-z0-9.-1+; training-set vocabulary of 116 tokens in the
full-language configuration, with PAD index 0 and UNK index 1; 64-dimensional learned embedding;
masked mean pooling over non-padding tokens; maximum instruction length 64.

Training-set normalized state; Linear 16 — 96, LayerNorm, ReLU, Linear 96 — 96, and ReLU.
Previous-action embedding has 9 indices (8 actions plus padding) and dimension 16.

Concatenated full-model feature dimension 128 + 64 + 96 + 16 = 304; Linear 304 — 192, LayerNorm,
ReLU, Dropout(0.1), and Linear 192 — 8.

AdamW), learning rate 2 x 1073, weight decay 104, cosine schedule, 8 epochs, batch size 96; 132,840
parameters and 0.521 MB checkpoint.
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Figure 2. Tiny RGB-D VLA action prediction and hybrid execution interface. The diagram separates
teacher-forced action imitation from the governed closed-loop command sent to AirSim; displayed
metrics refer to the locked seed-11 checkpoint.

3.4. Modality Ablations

To isolate the contribution of each input stream, we train five variants under the same
data split:

e  State-only: uses s; and a;_; only.

*  Vision-only: uses RGB-D observation and 4;_1 only.

* Language + Vision: uses instruction, RGB-D observation, and a;_1.

*  Full VLA weighted: uses instruction, RGB-D observation, state, and previous action
with class-weighted loss.

*  Full VLA unweighted: uses the same full input set with unweighted loss.

These ablations are important because a high score from the full model alone would not
establish that multimodal fusion is useful. The controlled comparison reveals whether RGB-
D, language, and state contribute complementary information in the AirSim benchmark.

We further add diagnostic controls to address shortcut concerns. In the no-coordinate
language setting, numeric x/y/altitude tokens are removed from the templated instruction
while preserving the directional and stopping words. In the no-goal-state setting, the state
vector removes the absolute goal position, goal-relative displacement, and scalar distance,
reducing the state dimension from 16 to 9. We also evaluate a no-previous-action variant
that keeps RGB-D, language, and state inputs but removes the learned previous-action
embedding. These variants test whether the model is merely reading coordinates from
the instruction or state, or relying mostly on action-history inertia, rather than using the
multimodal observation chain. A separate field audit confirms that the step records contain
no next_x state field; the target-relative displacement in the state vector is goal-relative
geometry, not a next-step delta.

3.5. Progress-Aware Hybrid Execution

The raw policy executes 4; directly. The governed policy instead applies a rule-based
correction function before execution. The first layer is a basic action governor that forces a
stop when the UAV is close enough to the target and replaces inconsistent vertical actions:
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0, if 1t < €succ,
ay = a‘feo, if 4; is inconsistent with altitude error, (14)
a, otherwise,
where 7 = ||p8°" — py||2 and 4§ is the geometry-based recovery action. The first branch is

a forced near-goal stop. If the raw VLA predicts stop while the UAV is still far from the goal,
the evaluator does not count the episode as successful; after the initial takeoff transient,
such a far-stop prediction can terminate an episode unsuccessfully. This limitation is
reported explicitly because the governor improves stopping near the goal but does not turn
the raw VLA into a complete planner.

Table 3 lists the execution parameters used by this evaluator.

Table 3. Main closed-loop execution parameters used by the AirSim evaluator. The values are taken
from the evaluation script and are listed to make the hybrid execution layer reproducible.

Quantity Value Role in Execution
Base action speed v 22m/s Default translational primitive magnitude.
Base action duration At 0.10s Default primitive duration.
Yaw-rate primitive +55°/s Actions 2 and 3 rotate right/left by yaw rate.
Forced stop radius €sycc 1.1m Governor returns stop when r; < €syec.
Episode success check stop withr; < 1.2m Evaluator counts success only when a stop occurs near the goal.
P . . Distance must improve by more than this value to reset the
rogress improvement margin  0.08 m
no-progress counter.
No-progress threshold T 8 steps Geometry recovery is triggered when n; "'’ > 7.
Regression threshold ¢ 1.5m Geometry recovery is triggered when r; > rfﬁslt + 4.
Front-depth warning dy < 1.2 m and planar distance > 2.0m  Geometry recovery selects lateral avoidance.
Vertical guard margin 0.25m Blocks ascent/descent actions inconsistent with goal altitude error.

Vertical recovery threshold

Yaw recovery threshold
Precision control

Maximum episode length

|89 — z;| > 0.6 m

198 — | > 0.22 rad
rr<3.0mandr <1.8m

Geometry recovery selects ascend or descend.

Geometry recovery selects yaw correction.

Caps speed/duration to (1.10,0.09) and (0.65,0.08).
Closed-loop rollout budget for the 60-episode-per-variant

90 steps execution ablation.

These thresholds were selected empirically during development in the AirSim Blocks
environment to produce bounded motion, observable progress windows, and stable stop-
ping under the stated primitive durations. They were not imported from another study,
optimized on the final val-unseen split, or claimed as universal UAV-control constants.
Their purpose is to make the present pilot evaluator explicit and reproducible; deployment
in a different simulator or on hardware would require retuning against vehicle dynamics,
sensor rate, localization uncertainty, and safety margins.

Before processing step ¢, the progress-aware governor stores the best distance from
earlier observations:

best :
7] = min rg. 15
(1= Joun 7 (15)
The no-progress counter compares the current distance with this prior best value:
1oProg 0, ifry < ri:e_slt —0.08, 16)
t = .
n?ﬁﬁmg + 1, otherwise.
After this comparison, the stored best distance is updated as
rbest = min (rfislt, rt). (17)

This ordering matches the evaluator: improvement is tested against the best distance
available before the current observation, so the reset condition is reachable. If the UAV does
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not improve for several consecutive steps, or if the current distance becomes substantially
worse than r/°*!, the controller temporarily switches to the geometry recovery action:

ai, it n P > torr > et 44,

iy = (18)

abesic, otherwise.

This mechanism is intentionally transparent: it does not hide policy failure, but makes the
failure mode measurable and correctable.

The geometry recovery primitive is selected by a fixed priority order rather than by
another learned model:

0, re < 1.1,
7or6, di <1l2and ||Apyyll2 > 2.0,
4, 280 _ 7, < —0.6,
i = {5, 281 — 7, > 0.6, (19)
3, 800 _py > 0.22,
2, 0% < 022,
1, otherwise.

The action labels correspond to stop, forward, yaw-right, yaw-left, ascend, descend, avoid-
left, and avoid-right primitives. This priority order is intentionally simple: it first handles
stopping, then front-depth avoidance, then altitude mismatch, then yaw alignment, and
finally forward motion.

Finally, near-goal precision control scales the action speed and duration as the UAV
approaches the target:

(min(v,0.65), min(At,0.08)), r < 1.8,
(01, Aty) = < (min(v,1.10), min(At,0.09)), 1.8 <7 < 3.0, (20)
(v, At), r: > 3.0.

This reduces overshoot near the stopping threshold and is critical for turning a high-quality
approach trajectory into a successful episode.

For closed-loop diagnosis, the evaluator records not only success and final distance,
but also the action-source statistics:

Noverride Nkeeiﬂ Nfallback

’ Pkeep = m/ P fallback = ’ (21)

Poverride =

Nsteps Nsteps

where Njyerrige counts executed actions changed by the governor, N, counts steps where
the executed action is identical to the raw VLA proposal, and Npjjpscr counts steps whose
action source is geometry recovery or forced near-goal stopping. These quantities are
diagnostic events, not a mutually exclusive partition. In particular, geometry recovery can
select the same discrete action as the raw VLA proposal, so a fallback-tagged step may
still be counted as retained rather than overridden. We also report collision rate and SPL,
computed from successful path length relative to the direct start-to-goal distance. These
diagnostics are essential because a high success rate with a high fallback rate should be
interpreted as a reliable hybrid system, not as a raw learned controller.
Figure 3 visualizes the progress-aware execution gate and its feedback path.

https://doi.org/10.3390/s26144655


https://doi.org/10.3390/s26144655

Sensors 2026, 26, 4655

12 of 31

Observations at time t Tiny VLA Progress-aware hybrid execution gate

Action primitives
action propusal

after gating

Sto d
RGB-D-observation PR satz S »| qrre —~ W
v @ Precision A= SZE -
controller ( ) Execute in AirSim Execution attribution
ngp [4 fovard | e

N (r— \ x| aLE J (logged per step)
Lo > r<3om  —»| N \
e \ o bete1s ) C w @ 1o | (@ owrte

5 Fallback

- — (recovery)
Attitude JIRG vertical  {_______ >
gate ‘mismatch 4

Geometry recovery ity o)

[ d )

%f“f" - Qo] [l
3§ descend ] - s
_— @ colisin

( bl
Instuction +state [ Text
Embed
@ e, ——p
! State
MLP

8 action logits

r<18m

N avoid

1

r<18m

(softmax] If mp > avmd > a\mudeJ o [yaw | > [forward|[¢
/ { closedrluop feedback |
v
3 g i Progress-aware hybrid execution gate Action primitiy
Observations at time t+1 Tiny VLA 8! y 8 ction primitives
action proposal = b o e after gating
# i override -
RGB-D-observation gte (e <iainesy tostop. m— (@ s
a : < Execute in AISi Execution atribution
. ER) m ‘QSN,:' o =il Keep oo 1 fonard o e (logged per step)
2 ) > [ no progress >=5 | (el )
Progress [ J VLA 4
L N &= S < || r<3om | i
k] C m © (@ e
. e Fallback ) 3
Instruction + state [ Text > |
| Embed —0 | 5 —— (recovery) [ sz \ Q taeck| | 1] sPL
W Attitude (IR R I > — = s =~ J\
Ot —» : s

= =
© coision

MLP =
Geometry recovery (prioity order) N avoid

slup | avoid || alti de | [y |> forard | [«

8 action logits
(softmaz)

Figure 3. Progress-aware hybrid execution gate over two consecutive closed-loop steps. Blue denotes
the normal VLA /action flow and stop/keep decisions, orange denotes progress and precision logic,
green denotes progress history and altitude gating, and purple denotes action-history or descent
elements. Rounded boxes represent modules or decision conditions; solid arrows show the main
execution path, orange/green dashed arrows show recovery triggers, and the blue dashed arrow
shows closed-loop feedback. The gate keeps safe VLA actions and replaces unsafe or non-progressing
actions with geometry-based recovery before AirSim execution.

3.6. Traceability and Reproducibility

All major artifacts are stored under a single experiment directory. Processed datasets
are placed under data/processed, training and evaluation outputs under runs, figures
under runs/figures, and human-readable reports under runs/reports. Each experiment
keeps its input data path, model checkpoint, metrics file, and summary report. The visual
VLA models are trained for 8 epochs with batch size 96, image size 64 x 64, AdamW
optimization, learning rate 2 x 10~3, weight decay 10~*, and cosine learning-rate schedul-
ing; Adam is the relevant baseline optimizer family for this setup [47]. In the final offline
protocol, val-seen accuracy alone selects the checkpoint; val-unseen metrics are not com-
puted during training and are evaluated once after the selected checkpoint is reloaded.
The main ablations use seed 11, and the full unweighted VLA is independently trained
with seeds 11, 21, and 22. The final progress+precision configuration crosses these three
locked checkpoints with target seeds 777, 778, and 779, using 20 episodes per combination
and 180 episodes in total. The training script supports language_mode=no_coords and
state_mode=no_goal_geometry for shortcut diagnostics, and the closed-loop evaluator
records success, SPL, collision, path length, override rate, VLA-kept rate, fallback-tagged
rate, and precision-control usage. This organization is part of the method rather than only
an engineering convenience: because the main claim depends on distinguishing offline
action accuracy from closed-loop success, the paper preserves traceability from dataset
generation to model training and live AirSim evaluation.

4. Experiments
4.1. Experimental Setup

The experiments are designed to answer four questions. First, can a tiny RGB-D VLA
policy learn multimodal action imitation from the AirSim benchmark? Second, does the
offline result depend on explicit coordinate tokens or goal-geometry fields? Third, does
high offline action accuracy transfer to closed-loop UAV navigation? Fourth, how much
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does the hybrid execution layer contribute when the learned policy is evaluated under a
multi-seed closed-loop protocol?

The main pilot dataset is the AirSim RGB-D VLA Blocks dataset described in
Section 3.2. It contains 100 expert episodes and 3385 step-level samples, split into
2312 training steps, 473 val-seen steps, and 600 val-unseen steps. The val-seen split uses
target distributions similar to the training episodes, whereas the val-unseen split samples
more distant and laterally shifted targets. This setting is intentionally modest in scale but
useful for controlled ablation: every sample has synchronized RGB, depth, instruction,
state, previous action, and expert action fields.

Closed-loop evaluation is conducted in the same AirSim Blocks environment. Here,
an episode is one complete sampled-waypoint rollout: the UAV is reset and takes off,
one target is sampled, and actions are executed until a valid near-goal stop, a far-stop
prediction after the initial takeoff transient, or the 90-step limit. Collision is logged as a
separate diagnostic event rather than used as an immediate termination condition. The
execution-layer ablation uses the seed-11 checkpoint selected only on val-seen and target
seeds 777, 778, and 779, with 20 episodes per target seed and 60 episodes per variant.
A stricter robustness test then crosses all three independently trained, val-seen-selected
checkpoints with the same three target seeds, again using 20 episodes per combination,
for 180 progress+precision episodes. Every comparison uses the same target sampling
function, success threshold, maximum step budget, and action primitive set. We report
success count, success rate with Wilson 95% confidence interval, SPL, average final distance,
override rate, VLA-kept rate, fallback-tagged rate, and collision rate. For offline imitation,
val-seen is the model-selection split and val-unseen is evaluated once as the final held-out
test. For efficiency, we report parameter count, checkpoint size, mean latency, P95 latency,
and equivalent inference frequency.

The experiments were implemented in Python with PyTorch and executed in the Microsoft
AirSim Blocks environment. Exact version identifiers were not retained in the archived experiment
metadata; the official software pages are https://www.python.org/, https://pytorch.org/, and
https:/ /github.com /microsoft/AirSim (all accessed on 21 July 2026).

4.2. Dataset and Protocol

Table 4 summarizes the main AirSim RGB-D VLA dataset. The expert episode success
rate is 0.73, which reflects the fact that the scripted expert is simple and bounded by a
maximum episode length. This is important for interpretation: the dataset is not a perfect
demonstration corpus or mature benchmark, but a traceable pilot dataset for studying
lightweight VLA action imitation and governed closed-loop execution. The original split
names are retained for traceability, but their final protocol roles are explicit: train fits the
model, val-seen selects the epoch, and val-unseen is evaluated once after training as the
final held-out test. Val-unseen is deliberately harder because its targets are farther and more
laterally shifted; its action accuracy is therefore teacher-forced step-level generalization
under a harder target distribution, not expert navigation success.

Table 4. AirSim RGB-D VLA Blocks dataset summary. Each step contains synchronized RGB, depth,
instruction, UAV state, previous action, and expert action fields. The split-level episode success rates
expose the bounded nature of the scripted expert: val-unseen goals are intentionally harder and are
used for step-level action generalization rather than as successful expert demonstrations.

Split Episodes  Steps Expert SR Avg. Final Distance (m)
Train 70 2312 0.8571 0.9836
Val-seen 15 473 0.8667 1.0648
Val-unseen 15 600 0.0000 5.2603
Total 100 3385 0.7300 -
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4.3. Offline Multimodal Ablation

Table 5 summarizes the expert action-label distribution. Table 6 reports the validation-
selected final-test results, and Figure 4 visualizes the same modality comparison. Vision-
only and state-only reach 0.9033 and 0.8967 final val-unseen accuracy, respectively. Lan-
guage+Vision alone is weaker at 0.7533, indicating that language and RGB-D observation
without explicit state are insufficient for this local action-label distribution. The unweighted
full VLA remains the strongest original configuration, reaching 0.9267 final-test accuracy
after epoch selection using val-seen only. To measure training variability, we indepen-
dently train this model with seeds 11, 21, and 22. Their final val-unseen scores are 0.9267,
0.9300, and 0.9267, giving 0.9278 £ 0.0019 (mean =+ sample standard deviation), as shown
in Figure 5. The diagnostic shortcut ablations below remain single-seed unless explicitly
noted.

These results support the central offline claim: multimodal fusion is useful in this
benchmark. However, the table and figures should not be read as evidence of successful
navigation. They measure whether the model predicts expert action labels under teacher-
forced held-out data, and the class distribution in Table 5 shows why aggregate accuracy
must be paired with class-level diagnostics. This distinction is consistent with imitation-
learning results showing that offline supervised policies can degrade under their own
induced state distribution [28]. Closed-loop navigation is evaluated separately below.

Table 5. Expert action-label distribution in the AirSim RGB-D VLA Blocks dataset. Labels correspond
to stop (0), forward motion (1), right/left yaw correction (2/3), ascent (4), descent (5), and lateral
avoidance (6/7). The present Blocks trajectories mainly activate labels 0—4, so aggregate action
accuracy is interpreted together with the confusion matrix in Figure 6.

Split Stop Forward Yaw R Yaw L Ascend Descend Avoid L Avoid R
Train 60 1703 116 114 319 0 0 0
Val-seen 13 338 16 28 78 0 0 0
Val-unseen 0 449 30 31 90 0 0 0
Table 6. Validation-selected offline multimodal comparison on the AirSim RGB-D VLA bench-
mark. Val-seen selects the checkpoint, and val-unseen is evaluated once after training as the fi-
nal held-out test. Accuracy measures teacher-forced expert action classification, not closed-loop
navigation success.
Model Selected Epoch ~ Val-Seen Final val-Unseen Test Params  Ckpt. (MB)
State-only state + previous action 6 0.8055 0.8967 95,976 0.380
Vision-only RGB-D + previous action 1 0.8732 0.9033 102,120 0.404
Language+Vision instruction + RGB-D + previous action 4 0.8118 0.7533 114,408 0.451
Full VLA weighted instruction + RGB-D + state + previous action 1 0.8837 0.8833 132,840 0.521
Full VLA unweighted  instruction + RGB-D + state + previous action 8 0.9323 0.9267 132,840 0.521

The language-related results require a deliberately narrow interpretation. Lan-
guage+Vision without explicit state reaches 0.7533, whereas the full model reaches 0.9267;
this shows that template language and RGB-D alone are insufficient for immediate low-level
action prediction in the present data distribution. The no-coordinate diagnostic preserves
0.9283 accuracy, so copied numeric waypoint tokens are not the main source of the score.
However, we do not include a full-VLA-without-language intervention, and the instruc-
tions are templated rather than human-written. Therefore, the present experiments do not
quantify an independent marginal contribution of language within the full model and do
not establish open-ended language grounding. The controlled template-semantic controller
reported later is likewise a rule-parser interface test, not evidence that the learned VLA has
acquired open-vocabulary language competence.
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Figure 4. Validation-selected final-test comparison. Bars show val-seen checkpoint-selection accuracy
and the single final val-unseen test evaluation for each original modality configuration.
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Figure 5. Final val-unseen test accuracy for three independently trained full unweighted RGB-D VLA
checkpoints. Each checkpoint is selected using val-seen only; the dashed line and shaded band show
the mean and sample standard deviation.

4.4. Shortcut Diagnostics: Coordinate Language and Goal Geometry

Table 7 and Figures 7 and 8 report the shortcut-diagnostic ablations under the same
validation-selected final-test protocol. Removing numeric coordinate tokens reduces the
vocabulary from 116 to 15 and yields 0.9283 final val-unseen accuracy, close to the full
model’s 0.9267. This indicates that templated coordinate numbers are not the main source of
the offline score. Removing explicit goal geometry from the state reduces final-test accuracy
to 0.9200. Removing the previous-action embedding gives 0.9233, while combining no-
coordinate language with no-goal state gives 0.9150. We also audited the dataset schema for
next-step leakage: the step record has no next_x field, and the state-vector displacement
terms are goal-relative rather than next-state deltas.
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Figure 6. Row-normalized confusion matrix of the full unweighted VLA on the final held-out AirSim
RGB-D VLA split, restricted to expert classes with nonzero support in val-unseen. Each non-empty
cell reports both raw count and row percentage, the support panel shows the number of test samples
per active expert action, and the note lists the zero-support classes omitted from the matrix. The
figure is used to qualify the aggregate accuracy in Table 6: forward motion dominates the dataset,
while yaw and ascent classes are inspected separately to avoid interpreting the score only through
the majority class.

Table 7. Validation-selected shortcut diagnostics. No-coordinate language removes numeric
x/y/altitude tokens; no-goal state removes goal position, goal-relative displacement, and scalar
distance; no previous action removes the learned action-history embedding. Val-unseen is evaluated
once after val-seen checkpoint selection.

Model Setting State/Language Mode S];ilte Vocab Selected Val-Seen Final Test
im Epoch

Full VLA full state/full language 16 116 8 0.9323 0.9267

No-coordinate language full state/no coords 16 15 5 0.9302 0.9283

No-goal state no goal geometry/full language 9 116 7 0.8922 0.9200

No previous action full state/full language 16 116 5 0.9197 0.9233

No-goal state + no-coordinate language no goal geometry/no coords 9 15 7 0.8943 0.9150
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Figure 7. Validation-selected shortcut-diagnostic results. No-coordinate language preserves final-test
accuracy, while removing explicit goal geometry causes a modest reduction.
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Figure 9 further breaks these shortcut diagnostics down by val-unseen action class.
The strongest degradation from removing explicit goal geometry appears on the yaw-
correction actions (ids 2 and 3), while the forward action remains high across variants. This
class-level view is important because aggregate accuracy alone can hide which low-level
control primitives are most affected by each removed input channel.
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Figure 8. Previous-action and shortcut diagnostics under the final protocol. Removing the previous-
action embedding changes final-test accuracy from 0.9267 to 0.9233, a smaller reduction than removing
explicit goal geometry.

Per-class recall under the validation-selected protocol

Full VLA

No previous action
No-coordinate language
No-goal state

Final val-unseen recall

Action id

Figure 9. Per-class final val-unseen recall for shortcut diagnostics. Action id 1 is forward motion, ids
2 and 3 are yaw-correction primitives, and id 4 is vertical motion. Goal-geometry removal mainly
reduces yaw-correction recall, while forward-motion recall remains high.

As an auxiliary temporal-state diagnostic, we also sweep the sequence history length
on the AirSim Blocks expert action dataset using the state-sequence model rather than the
RGB-D VLA network. Figure 10 shows that K =1, 2, 4, and 8 achieve similar val-unseen
action accuracy, with K = 2 reaching the best single-seed score of 0.9437, while K = 16 drops
to 0.8770. This supports a conservative interpretation: short temporal context is useful
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for low-level UAV action prediction, but longer history is not automatically better under
the current small-data GRU setting. Because this sweep uses a state-sequence diagnostic
model, it is not treated as the main RGB-D VLA result.

Temporal-state history length sweep on AirSim Blocks
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Figure 10. Auxiliary history-length sweep on the AirSim Blocks state-sequence action dataset. Short
histories (K = 1-8) perform similarly, while K = 16 degrades, suggesting that the current low-level
action labels do not benefit from arbitrarily long history in this small controlled setting. This figure is
a temporal-context diagnostic, not a replacement for the RGB-D VLA ablations.

4.5. Closed-Loop Evaluation

Table 8, Figure 11, and Figure 12 report the final locked-checkpoint closed-loop com-
parison and action-source attribution. Raw VLA and precision-only VLA both obtain
0/60 success, showing that offline action accuracy and near-goal speed reduction alone do
not yield reliable autonomous navigation. Basic governance improves success to 37/60
but remains unstable. Progress-aware governance and progress-aware governance with
near-goal precision both reach 59/60 success. Precision control raises SPL from 0.753 to
0.784 and changes the collision count from one to zero, although it does not add another
successful episode in this locked-checkpoint run.

Table 8. Locked-checkpoint AirSim closed-loop ablation. Each variant uses the val-seen-selected
seed-11 checkpoint and target seeds 777/778/779, with 20 episodes per target seed and 60 episodes
total. Wilson CI denotes the Wilson 95% confidence interval for episode success rate.

Variant Episodes  Success SR Wilson95% CI  SPL dis: ‘3;; Override VLA Kept Fallback Collision
Raw VLA 60 0 0000  [0.000,0.060] 0.000 15.161 0.000 1.000 0.000 0.000
Precision only 60 0 0000  [0.000,0.060] 0.000 15.008 0.000 1.000 0.000 0.000
Basic governor 60 37 0617  [0.490,0.729] 0516 7.289 0.179 0.821 0.179 0.000
Progress governor 60 59  0.983 [0.911,0.997] 0.753 0.967 0.333 0.667 0.378 0.017
Progress+precision 60 50 0983  [0.911,0997] 0.784 1.048 0317 0.683 0.361 0.000

The locked-checkpoint closed-loop results confirm that action imitation and navi-
gation success are not interchangeable metrics. The progress+precision system achieves
59/60 success with zero recorded collisions in the Blocks environment, but its override
and fallback rates remain substantial. This is the intended interpretation: the learned
VLA becomes practical only when embedded in an explicit execution layer, and the pa-
per evaluates that hybrid system transparently rather than attributing all success to raw
VLA inference.
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Figure 11. Locked-checkpoint closed-loop ablation across 60 episodes per variant. Raw VLA and
precision-only VLA fail completely; progress-aware governance provides the largest reliability
gain; near-goal precision improves SPL and removes the single collision recorded for the progress-
only variant.
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Figure 12. Action-source statistics for the locked-checkpoint variants. Progress+precision keeps 68.3%
of raw VLA actions, overrides 31.7%, and uses fallback-tagged execution on 36.1% of steps. Kept and
fallback rates are not mutually exclusive because recovery can select the same discrete action as the
raw proposal.

4.6. Checkpoint-by-Target Cross Evaluation

Table 9 and Figure 13 provide the stricter robustness check requested for the final
protocol. Each independently trained checkpoint is selected using val-seen only and is
then evaluated with progress+precision execution over the same 60 goals from target
seeds 777/778/779. The checkpoints have nearly identical final val-unseen action accu-
racy, yet their closed-loop success differs substantially: seed 11 reaches 59/60, seed 21
reaches 49/60, and seed 22 reaches 39/60. Across all 180 episodes, the system succeeds in
147 episodes (81.7%, Wilson 95% CI: 75.4-86.6%) with no recorded collisions. This result
is more conservative than reporting the strongest checkpoint alone and demonstrates
that teacher-forced action accuracy does not capture closed-loop training-seed sensitivity.
The seed-11 cell was executed independently from the locked execution-layer ablation:
both runs obtain 59/60 success, while small differences in SPL and step-level attribution
are retained rather than averaged, reflecting trajectory-level variability in repeated live
AirSim runs.

Figure 14 illustrates a representative raw-policy failure and governed recovery after
Figure 13.
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Table 9. Three-checkpoint by three-target-seed crossed evaluation of the progress+precision configu-

ration. Each checkpoint row aggregates 60 episodes; the pooled row aggregates all 180 episodes. Test

accuracy is the one-time final val-unseen action accuracy after val-seen checkpoint selection.

Checkpoint Test acc. Episodes Success SR Wilson95% CI  SPL Override Fallback Collision
Seed 11 0.9267 60 59 0983 [0.911,0.997] 0.786 0.289 0.338 0.000
Seed 21 0.9300 60 49 0817 [0.701,0.894] 0.519 0.213 0.309 0.000
Seed 22 0.9267 60 39  0.650 [0.524,0.758] 0.454 0.191 0.259 0.000
Pooled - 180 147 0.817 [0.754,0.866] 0.586 0.228 0.300 0.000

A. Checkpoint x target-seed success B. Path efficiency
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Figure 13. Closed-loop success and path efficiency in the three-checkpoint by three-target-seed
crossed evaluation. Similar offline test accuracy does not imply similar closed-loop behavior; the
crossed protocol exposes marked sensitivity to the independently trained checkpoint.

Closed-loop failure mode and governed recovery
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Figure 14. Representative closed-loop failure and recovery analysis. Panels (A,B) show the raw
VLA failure and progress+precision success trajectories, including the target neighborhood; the
yellow dashed circles mark the 1.2 m success radius. Panel (C) compares distance-to-goal over
time, and Panel (D) visualizes the executed action source at each step using only the action-source
categories present in these trajectories. The qualitative comparison illustrates the same deployment
gap measured quantitatively in Table 8: raw VLA drifts away, while the governed variant reaches the
goal through a mixture of retained VLA actions and execution-layer recovery.

4.7. Diagnostic Baselines and Attribution Boundary

The controlled waypoint task may still be partly solvable by hand-designed geometry.
Table 10 and Figure 15 therefore report a three-seed expansion of non-learning and rule-
based baselines under the same AirSim Blocks goal-sampling protocol. Random and
fixed-forward policies remain weak overall, so the task is not solved by arbitrary motion
or a single forward primitive. The hand-designed geometry controller is much stronger,
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reaching 49/60 success overall, but it is not a stable 100% upper bound because seed 778
produces only 9/20 successes. The learned VLA variants should therefore be interpreted as
studying whether multimodal action imitation can be made useful inside a hybrid execution
stack, not as outperforming a hand-designed controller in this simplified environment.

Table 10. Three-seed non-learning and rule-based baseline expansion under the same AirSim Blocks
goal-sampling protocol. Seed 777 reuses the earlier diagnostic baseline, while seeds 778 and 779
are newly run in this revision. The result strengthens the attribution boundary: random and fixed-
forward policies remain weak, while the geometry controller is strong but seed-sensitive rather than
a stable 100% upper bound.

Method Episodes Success SR Mean + std Final dist. Mean =+ std (m) Steps Mean =+ std
Random 60 1 0.017+0.029 7.819+2.613 89.43+0.98
Fixed-forward 60 5 0.083+0.144 11.830+5.878 87.02+5.17
Geometry controller 60 49 0.81740.318 1.765£1.413 44.83+19.31

Same-protocol non-learning and rule-based closed-loop baselines
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Figure 15. Three-seed closed-loop baseline expansion for non-learning and rule-based policies. The
random and fixed-forward baselines remain weak overall, whereas the geometry controller is strong
but exhibits seed sensitivity. This prevents overclaiming an oracle-like geometry upper bound and
keeps the paper’s attribution focused on the learned VLA plus hybrid execution stack.

4.8. Efficiency Analysis

Table 11 summarizes the full visual VLA latency profile. The model has 132,840 parameters
and a 0.521 MB checkpoint. In batch-one inference, the CPU mean latency is 0.9347 ms, faster
than the CUDA mean latency of 2.7566 ms. This inversion is expected for such a small model,
where GPU kernel-launch overhead dominates the actual computation.

Table 11. Full visual VLA batch-one inference latency. Profiling covers the tiny RGB-D visual encoder,
text embedding, state encoder, previous-action embedding, and action head. Because this is an
action-level network with only 132,840 parameters, CPU inference is faster than CUDA batch-one
inference due to GPU launch overhead.

Device Parameters Checkpoint (MB) Mean (ms) P95 (ms) Hz
CUDA 132,840 0.521 2.7566 42224 362.77
CPU 132,840 0.521 0.9347 1.2254 1069.92

This result supports the efficiency claim for action-level VLA inference. It does not
imply that a large token-level VLA or a full real-world UAV stack would run at the same
speed. The profiling covers the tiny RGB-D visual encoder, text embedding, state encoder,
previous-action embedding, and action head used in this paper.
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4.9. Preliminary Aerial VLN-S Action Prediction

Before constructing the AirSim RGB-D VLA benchmark, we evaluated lightweight
action predictors on Aerial VLN-S trajectory annotations. This preliminary experiment is
not the main VLA result because the visual observation is not part of the model input. It is
nevertheless useful for understanding the structure of low-level UAV action labels. Table 12
shows that text-only prediction is weak, while temporal state history is highly predictive;
Figure 16 visualizes the same comparison.

Table 12. Preliminary Aerial VLN-S action-prediction results. These models do not use visual input
and are not the main AirSim RGB-D VLA result. They are included as diagnostic evidence that
low-level UAV action labels are strongly driven by state and temporal history, while text-only action

prediction is weak.

Model Val-Seen Accuracy Val-Unseen Accuracy
Majority action 0.4179 0.4539
Text-only 0.2036 0.1358
State-only 0.9122 0.8728
Text+State 0.9085 0.8672
Temporal-State GRU 0.9398 0.9439
Text-Temporal GRU 0.9401 0.9413

Offline AerialVLN-S Action Prediction

1.0 == Val-Seen
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Action accuracy
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Figure 16. Preliminary AerialVLN-S action-prediction visualization. Bars compare majority, text-only,
state-only, text+state, and temporal variants on val-seen and val-unseen splits. The figure supports
the hierarchical interpretation used in this paper: language alone is weak for immediate low-level
action prediction, while temporal state history captures much of the local control structure.

The result suggests that low-level step-wise actions are strongly governed by local
geometry and temporal history. This supports the hierarchical interpretation used through-
out the paper: language and vision should help define goals, semantic context, and local
observations, while the execution layer must still manage progress, stability, and stopping.

4.10. Auxiliary Aerial VLN-S Perturbation Proxy

We include a hardware-free perturbation proxy on AerialVLN-S temporal action
models only as an auxiliary diagnostic. It is not an evaluation of the full RGB-D VLA-
plus-execution system, is not performed in AirSim Blocks, and is not used to support any
real-UAV, sim-to-real, or visual-transfer robustness claim. Within this separate diagnostic,
Table 13 shows that moderate state noise has little effect, whereas sensor dropout and
dynamics lag cause substantial degradation. Dynamics lag reduces Temporal-State accuracy
from 0.9439 to 0.5984, and the combined perturbation reduces it further to 0.5900; Figure 17
visualizes these perturbation curves.
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Table 13. Auxiliary perturbation proxy on Aerial VLN-S temporal action models. Values are action-
prediction accuracy under clean, dropout, dynamics-lag, and combined perturbation settings. This
separate diagnostic does not evaluate the full RGB-D VLA-plus-execution system and is not real-UAYV,

AirSim-to-real, or visual-domain-transfer validation.

Model Clean Dropout Dynamics Lag Combined
Temporal-State 0.9439 0.8945 0.5984 0.5900
Text-Temporal 0.9413 0.8923 0.5978 0.5893
Strong Aug. 0.7490 0.7182 0.5397 0.5372
Mild Aug. 0.9147 0.8596 0.5270 0.5186

Hardware-Free Sim-to-Real Robustness Proxy
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text-temporal
[ o o o —8— mild-aug
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©
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Figure 17. Auxiliary AerialVLN-S perturbation-proxy curves. Dynamics lag causes the largest
degradation among the tested perturbations, whereas naive augmentation does not fully recover
delay robustness and can reduce clean accuracy. The plot is not a robustness result for the full VLA
system; it only motivates future delay-aware state estimation and execution.

This auxiliary diagnostic should be interpreted carefully. It neither demonstrates the
robustness of the proposed full VLA system nor changes the scope of the closed-loop
findings, which remain restricted to the controlled AirSim Blocks benchmark. Its value is
limited to showing that naive augmentation does not solve delay-related failures in these
separate temporal models, motivating future delay-aware state estimation and execution.

4.11. Closed-Loop Visual Cue Ablation

To test whether the closed-loop system is merely following state and governor logic
while ignoring visual tensors, we add a minimal visual-cue ablation under the same
seed-777 progress+precision execution setting. The full RGB-D setting reuses the existing
20-episode progress+precision run. The zero-RGBD setting keeps the checkpoint, instruc-
tion, state vector, previous-action input, governor, and precision control unchanged, but
replaces the RGB and depth tensors by zeros at inference time. Table 14 and Figure 18 show
a sharp degradation: the full RGB-D run succeeds in 19/20 episodes, while zero-RGBD
succeeds in 0/20 and stops after about seven steps on average. This supports the minimal
claim that valid visual tensors are necessary for the current closed-loop VLA stack. It
should not be overinterpreted as open-world semantic visual grounding, because the task
still uses templated waypoint language and a controlled Blocks environment.
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Table 14. Single-seed closed-loop visual-cue ablation under progress+precision execution. Zero-
RGBD keeps the same checkpoint and non-visual inputs but zeros RGB and depth tensors at inference
time. The result supports a minimal visual-dependence claim for the current system, not a broad
semantic-grounding claim.

Setting

Episodes

Success SR SPL Final dist. (m)  Avg. Steps VLA Kept

Full RGB-D
Zero RGB-D

20
20

19 0.950 0.738 1.134 49.95 0.598
0 0.000 0.000 8.596 7.00 1.000

Closed-loop visual cue ablation under progress+precision execution

Success rate Avg. final distance (m‘;)Lm Avg. steps
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Figure 18. Closed-loop visual-cue ablation with the progress+precision execution stack. Removing
RGB-D tensors at inference time collapses seed-777 success from 19/20 to 0/20, indicating that the

current policy stack depends on valid visual inputs. The evidence is intentionally bounded to this
controlled setting and should not be read as a general semantic grounding benchmark.

4.12. Template-Semantic Waypoint Controller Pilot

The no-coordinate language ablation in Section 4.4 shows that numeric coordinate
tokens are not necessary for high offline action accuracy, but it does not by itself test
whether a language-like waypoint interface can be executed in closed loop. We therefore
add a small controlled pilot that removes explicit x /y/altitude values from the command
and uses only discrete sector words: near/mid/far for forward range, left/center/right for
lateral sector, and low/middle/high for altitude band. A rule parser maps these template-
semantic tokens to a canonical waypoint sector, and the same geometry action primitives
used in the closed-loop baselines execute the resulting waypoint. This is intentionally a
narrow interface test: it evaluates a template-semantic waypoint-to-controller pipeline, not
open-ended natural-language grounding or object-centric visual grounding.

Table 15 and Figure 19 summarize the three-seed AirSim Blocks run. The parser
succeeds on all generated template commands, and the controller reaches 60/60 goals with
an average final distance of 0.950 4= 0.008 m. The result confirms that the current benchmark
can support a coordinate-free, sector-level command interface, but it also reinforces the
paper’s boundary: reliable execution here is provided by an explicit controller after rule
parsing, not by a learned open-vocabulary semantic policy.

Table 15. Template-semantic waypoint controller pilot over three AirSim Blocks seeds. Commands
contain only discrete sector words rather than explicit numeric coordinates. The experiment validates
a controlled waypoint interface, not open-ended language grounding.

Setting

Episodes Success Parse SR Final dist. (m) Avg. Steps

Template-semantic waypoint controller 60 60 1.000  0.950£0.008 33.90£1.51
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Template-semantic waypoint controller pilot
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Figure 19. Three-seed template-semantic waypoint controller pilot. The result shows that discrete,
coordinate-free sector commands can be parsed into waypoint sectors and executed reliably in the
controlled Blocks environment. It should not be read as evidence of open-world semantic language

or visual grounding.

4.13. Representative Experimental Observations

Figure 20 replaces the earlier wall-facing sequence with nine unmodified front-camera
RGB observations sampled from the train, val-seen, and final val-unseen splits. Within
each split, frames are selected from the lower, central, and upper portions of the observed
yaw distribution, exposing left-facing, near-centered, and right-facing views together
with the recorded step, yaw, and target distance. These are actual AirSim frames rather
than generated illustrations. They make the simulator setting inspectable while also
showing its limitation: the same Blocks assets recur across splits, so the figure documents
observation provenance and viewpoint variation rather than broad visual diversity or
semantic grounding.

B. Train C. Train
step 6, yaw 0.0 deg, distance 10.10 m step 22, yaw 27.5 deg, distance 3.30 m

— —

A. Train
step 19, yaw —27.4 deg, distance 5.72 m

D. Val-seen E. Val-seen F. Val-seen
step 13, yaw —27.3 deg, distance 8.40 m step 14, yaw 0.0 deg, distance 5.82 m step 25, yaw 27.6 deg, distance 1.75 m

I Val-unseen final test

G. Val-unseen final test H. Val-unseen final test
step 19, yaw 36.6 deg, distance 12.89 m

step 16, yaw —36.5 deg, distance 13.76 m step 8, yaw 6.8 deg, distance 16.63 m

m— ——

Figure 20. Representative unmodified AirSim RGB observations from train, val-seen, and final
val-unseen splits at left-facing, near-centered, and right-facing yaw values. Panel labels report the

recorded step, yaw, and target distance.

5. Discussion and Threats to Validity

The strongest part of the study is the consistency between offline diagnosis and closed-
loop failure analysis. The model learns the controlled action labels well, the no-coordinate
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ablation reduces the risk that the score is driven only by copied numeric language tokens,
and the raw closed-loop policy still fails. This pattern supports the paper’s central claim
that offline VLA action accuracy is useful but insufficient. The success of progress-aware
hybrid execution is therefore an experimentally measured system property rather than a
rhetorical claim.

The weakest point is also clear: the current AirSim Blocks waypoint task is geometri-
cally simple. The three-seed geometry controller in Table 10 is much stronger than random
and fixed-forward baselines, which means this benchmark cannot establish superiority
over classical geometric control. Instead, it establishes a controlled testbed for measuring
when a compact multimodal policy contributes to an execution stack and how much of the
final behavior is supplied by safety logic. For this reason, the paper reports override and
fallback rates alongside success rate. Without those attribution metrics and the checkpoint
crossing in Table 9, the strongest-checkpoint result of 59/60 would be easy to overinterpret.
The pooled 147 /180 result and the spread from 39/60 to 59/60 show that training-seed
sensitivity remains an important limitation even when offline test accuracies are similar.

The visual evidence has a similar boundary. The onboard frames in Figure 20 are
useful for confirming that the AirSim rollout was recorded, but the Blocks scene provides
limited visual diversity and the forward-facing wall texture changes only subtly. Therefore,
the qualitative figure is paired with trajectory, distance, and depth curves rather than
being treated as standalone evidence of semantic visual grounding. A stronger future
version should include object-rich AirSim environments, viewpoint changes with clearer
visual landmarks, and failure cases where perception rather than geometry determines the
correct action.

The execution module also relies on privileged simulator geometry: current position,
target position, target-relative distance, altitude error, and front-depth statistics. In par-
ticular, the three target coordinates, three target-relative displacement coordinates, and
scalar target distance are supplied directly by the simulator. The no-goal-state diagnostic
lowers final-test accuracy from 0.9267 to 0.9200, so these fields help the current controlled
action-prediction task; it is a single-checkpoint diagnostic that retains the remaining state,
RGB-D, language, and action-history inputs, and therefore does not establish that geometric
information alone dominates the result. A real platform would need a sufficiently reliable
localization and goal-estimation stack; for example, RTK-GNSS/GNSS plus IMU fusion
where satellite positioning is available, or visual-inertial odometry and SLAM where it
is degraded, together with calibrated depth sensing. Position or target-estimation error
would corrupt the progress signal and could cause premature stopping, delayed recovery,
or recovery in the wrong direction. Depth noise could trigger unnecessary avoidance or
miss an obstacle. Varying illumination, dynamic obstacles, wind disturbance, communica-
tion delay, battery limits, and onboard compute contention are likewise absent from Blocks.
Consequently, the reported collision-free simulator rollouts are not evidence of real-world
safety, and the empirical thresholds in Table 3 would need uncertainty-aware retuning and
hardware validation.

Future physical-UAV deployment would also require an explicit systems interface
that is outside the present experiment. RGB-D, IMU, and localization streams would need
temporal synchronization and extrinsic calibration; the lightweight policy could run on
a companion computer and provide bounded action primitives; and a flight-control plat-
form would need to convert those primitives into stabilized low-level commands, enforce
command limits, and provide failsafe, geofence, manual-override, and communication-
loss handling [32,44]. This study implements none of these real-hardware components or
flight tests. The paragraph specifies future deployment requirements, not a demonstrated
deployment pathway.
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Finally, the policy and governor are local rather than global. They predict or select
the next primitive and maintain only short progress history; they do not build a map,
search over routes, optimize a trajectory, represent the environment globally, or remember
long-horizon decisions. The system therefore cannot be expected to plan detours around
large obstacle configurations or resolve route-level ambiguity. More complex deployment
would require a global planner or learned high-level waypoint generator above the present
local VLA and execution interface, together with explicit temporal memory and replanning.

Several additional experiments would strengthen a journal submission. First, the
current template-semantic waypoint pilot should be replaced by human-written or para-
phrased instructions, so that language robustness can be separated from template parsing.
Second, obstacle-rich or visually diverse environments should be added to activate descent
and lateral avoidance labels that are sparse in the current dataset. Third, temporal visual
memory should be tested against the current single-step visual encoder because UAV drift
and delayed observations are inherently sequential. Fourth, object-centric goals should be
introduced so that perception, rather than explicit waypoint geometry or sector parsing,
determines the target. These experiments are not claimed in the present paper; they define
the next stage needed to move beyond the current controlled pilot study.

6. Conclusions

This paper presented a lightweight and fully hardware-free pilot study of RGB-D
vision-language-action modeling for UAV waypoint navigation in AirSim. We constructed a
traceable AirSim RGB-D VLA Blocks dataset in which each step contains visual observation,
depth, templated instruction, UAV state, previous action, and expert action supervision.
On this dataset, a tiny full VLA policy with only 132,840 parameters achieved the strongest
offline val-unseen action accuracy among the original modality ablations, demonstrating
that RGB-D perception, language, state, and action history can be fused effectively even
under a compact action-level architecture.

The most important finding, however, is not the offline accuracy itself. The shortcut-
diagnostic ablations show that numeric coordinate tokens in the instruction are not neces-
sary for high offline accuracy, but explicit goal geometry in the state remains useful. This
defines the contribution boundary: the paper does not demonstrate strong open-ended
language grounding, but it does show that a lightweight RGB-D VLA can learn action map-
pings in a controlled waypoint setting and that geometric shortcut effects can be measured
rather than hidden.

Closed-loop evaluation provides the strongest evidence. In the locked seed-11 execu-
tion ablation, raw VLA and precision-only VLA fail despite strong offline action prediction,
whereas progress-aware hybrid execution with near-goal precision reaches 59/60 goals
with zero recorded collisions. The stricter checkpoint-by-target crossing reduces the pooled
result to 147/180 and exposes a 39/60-59/60 range across independently trained check-
points, despite their similar final offline accuracy. The experiments therefore support a
cautious but useful conclusion: lightweight UAV-VLA should be viewed as a component
inside a governed navigation stack, not as an unconstrained raw end-to-end controller. The
contribution of the learned VLA is multimodal action imitation and compact inference;
the governor supplies explicit progress recovery and near-goal control. Treating these
components separately makes the system easier to diagnose and avoids overstating either
the learned model’s autonomy or the governed system’s seed robustness.

Several limitations remain. The AirSim Blocks dataset is small and visually simple
compared with real UAV navigation environments. The language instructions are tem-
plated rather than open-ended human commands, and the current task is a controlled
waypoint task rather than navigation in complex unknown environments. The recorded
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expert action distribution is also incomplete: descent and lateral avoidance actions are part
of the interface but are not sufficiently represented in the current Blocks trajectories, so
the present evidence mainly supports waypoint approach, yaw correction, altitude ascent,
stopping, and governed execution rather than full obstacle-rich UAV navigation. The visual
encoder is intentionally tiny and does not provide large-scale semantic grounding. All
demonstrated closed-loop reliability, including the collision logs and recovery behavior, is
restricted to the controlled AirSim Blocks benchmark. The separate Aerial VLN-S perturba-
tion proxy is not a full-system, visual-transfer, sim-to-real, or real-UAV robustness result,
and the current experiments do not include real drone deployment. Although the revised
protocol now uses val-seen-only checkpoint selection, a one-time final val-unseen test,
and a complete three-checkpoint by three-target-seed crossing for the strongest execution
configuration, three training seeds and one simulator environment remain too limited for
broad robustness claims; most auxiliary ablations also remain single-checkpoint studies.
These limitations do not invalidate the main finding, but they define its scope: the paper
establishes a low-cost, reproducible pilot for action-level RGB-D VLA with progress-aware
hybrid execution, not a complete field-ready aerial VLA system.

Future work should expand the AirSim benchmark to multiple environments, richer
object-centric goals, and more diverse language instructions. The policy should be extended
with temporal visual memory, delay-aware state estimation, and stronger perception
modules while preserving the lightweight execution interface. The safety/action governor
should also be studied with finer ablations, including learned risk prediction and more
challenging obstacle configurations. Finally, the hardware-free findings should be tested
in higher-fidelity simulators and, when safety permits, on real UAV platforms. The long-
term goal is a hierarchical UAV-VLA system in which language and vision specify intent,
lightweight policies propose action primitives, and verifiable execution modules ensure
safe progress in a closed loop.
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Abbreviations

The following abbreviations are used in this manuscript:

UAV Unmanned Aerial Vehicle

VLA Vision-Language-Action

RGB-D  Red-Green-Blue-Depth

SR Success Rate

SPL Success weighted by Path Length
VLM Vision-Language Model

CPU Central Processing Unit

CUDA  Compute Unified Device Architecture

References

1.

10.

11.

12.

13.

14.

Anderson, P; Wu, Q.; Teney, D.; Bruce, ].; Johnson, M.; Sunderhauf, N.; Reid, I.; Gould, S.; van den Hengel, A. Vision-and-
Language Navigation: Interpreting Visually-Grounded Navigation Instructions in Real Environments. In Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18-22 June 2018; pp. 3674-3683.
https://doi.org/10.1109/CVPR.2018.00387.

Liu, S.; Zhang, H.; Qi, Y.; Wang, P.; Zhang, Y.; Wu, Q. Aerial VLN: Vision-and-Language Navigation for UAVs. In Proceedings of
the IEEE/CVF International Conference on Computer Vision, 2023; pp. 15384-15394. arXiv:2308.06735.

Zitkovich, B.; Brown, N.; Carbajal, J.; Chebotar, Y.; Chen, X.; Choromanski, K.; Ding, T.; Driess, D.; Dubey, A.; Finn, C.; et al. RT-2:
Vision-Language-Action Models Transfer Web Knowledge to Robotic Control. In Proceedings of the 7th Conference on Robot
Learning, 2023; Volume 229, Proceedings of Machine Learning Research; pp. 2165-2183. arXiv:2307.15818.

Kim, M.].; Pertsch, K.; Karamcheti, S.; Xiao, T.; Balakrishna, A.; Nair, S.; Rafailov, R.; Foster, E.P,; Sanketi, PR.; Vuong, Q.; et al.
OpenVLA: An Open-Source Vision-Language-Action Model. In Proceedings of the 8th Conference on Robot Learning, Munich,
Germany, 6-9 November 2024; Proceedings of Machine Learning Research: Cambridge, MA, USA, 2025; Volume 270, pp. 2679-2713.
Shah, S.; Dey, D.; Lovett, C.; Kapoor, A. AirSim: High-Fidelity Visual and Physical Simulation for Autonomous Vehicles. In
Proceedings of the Field and Service Robotics; Springer: Berlin/Heidelberg, Germany, 2018; pp. 621-635. https://doi.org/10.1007 /97
8-3-319-67361-5_40.

Fried, D.; Hu, R,; Cirik, V.; Rohrbach, A.; Andreas, J.; Morency, L.P,; Berg-Kirkpatrick, T.; Saenko, K.; Klein, D.; Darrell, T. Speaker-
Follower Models for Vision-and-Language Navigation. In Proceedings of the Advances in Neural Information Processing
Systems, Montréal, QC, Canada, 3-8 December 2018; Volume 31, pp. 3318-3329.

Ma, C.Y,; Lu, J.; Wu, Z.; AlRegib, G.; Kira, Z.; Socher, R.; Xiong, C. Self-Monitoring Navigation Agent via Auxiliary Progress
Estimation. In Proceedings of the International Conference on Learning Representations, New Orleans, LA, USA, 6-9 May 2019.
Hao, W.; Li, C,; Li, X.; Carin, L.; Gao, ]. Towards Learning a Generic Agent for Vision-and-Language Navigation via Pre-training.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Seattle, WA, USA, 13-19 June 2020;
pp. 13137-13146.

Hong, Y.; Wu, Q.; Qi, Y.; Rodriguez-Opazo, C.; Gould, S. VLN BERT: A Recurrent Vision-and-Language BERT for Navigation. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Nashville, TN, USA, 20-25 June 2021; pp.
1643-1653.

Chen, S.; Guhur, PL.; Schmid, C.; Laptev, I. History Aware Multimodal Transformer for Vision-and-Language Navigation. In
Proceedings of the Advances in Neural Information Processing Systems, Virtual, 6-14 December 2021; Volume 34, pp. 5834-5847.
Chen, S.; Guhur, PL.; Tapaswi, M.; Schmid, C.; Laptev, I. Think Global, Act Local: Dual-Scale Graph Transformer for Vision-and-
Language Navigation. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, New Orleans,
LA, USA, 18-24 June 2022; pp. 16537-16547.

Chen, H.; Suhr, A.; Misra, D.; Snavely, N.; Artzi, Y. Touchdown: Natural Language Navigation and Spatial Reasoning in Visual
Street Environments. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Long Beach,
CA, USA, 15-20 June 2019; pp. 12538-12547.

Mirowski, P.; Grimes, M.K.; Malinowski, M.; Hermann, K.M.; Anderson, K.; Teplyashin, D.; Simonyan, K.; Kavukcuoglu, K,;
Zisserman, A.; Hadsell, R. The StreetLearn Environment and Dataset. arXiv 2019, arXiv:1903.01292.

Lee, ].; Miyanishi, T.; Kurita, S.; Sakamoto, K.; Azuma, D.; Matsuo, Y.; Inoue, N. CityNav: A Large-Scale Dataset for Real-World
Aerial Navigation. In Proceedings of the IEEE/CVF International Conference on Computer Vision, Honolulu, HI, USA, 19-20
October 2025; pp. 5912-5922.

https://doi.org/10.3390/s26144655


https://doi.org/10.1109/CVPR.2018.00387
https://doi.org/10.1007/978-3-319-67361-5_40
https://doi.org/10.1007/978-3-319-67361-5_40
https://doi.org/10.3390/s26144655

Sensors 2026, 26, 4655 30 of 31

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Ning, Y.; Zhao, G.; Qin, Y.; Liu, S; Liu, Y.; Lin, L.; Li, G. LookasideVLN: Direction-Aware Aerial Vision-and-Language Navigation.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Denver, CO, USA, 3-7 June 2026;
pp. 32441-32450.

Fan, C; Pan, C.; Liu, Z.; Liu, N.; Qin, J. HTNav: A Hybrid Navigation Framework with Tiered Structure for Urban Aerial
Vision-and-Language Navigation. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
Denver, CO, USA, 3 June-7 June 2026; pp. 10976-10985.

Brohan, A.; Brown, N.; Carbajal, J.; Chebotar, Y.; Dabis, J.; Finn, C.; Gopalakrishnan, K.; Hausman, K.; Herzog, A.; Hsu, J.;
et al. RT-1: Robotics Transformer for Real-World Control at Scale. In Proceedings of Robotics: Science and Systems, 2023.
arXiv:2212.06817. https:/ /doi.org/10.15607 /RSS.2023.XIX.025.

Open X-Embodiment Collaboration.; O’Neill, A.; Rehman, A.; Gupta, A.; Maddukuri, A.; Gupta, A.; Padalkar, A.; Lee, A.; Pooley,
A.; Gupta, A,; et al. Open X-Embodiment: Robotic Learning Datasets and RT-X Models. In Proceedings of the IEEE International
Conference on Robotics and Automation, Yokohama, Japan, 13-17 May 2024; pp. 6892-6903. https://doi.org/10.1109/ICRA571
47.2024.10611477.

Ghosh, D.; Walke, H.; Pertsch, K.; Black, K.; Mees, O.; Dasari, S.; Hejna, J.; Kreiman, T.; Xu, C.; Luo, J.; et al. Octo: An
Open-Source Generalist Robot Policy. In Proceedings of Robotics: Science and Systems, 2024. arXiv:2405.12213. https:
/ /doi.org/10.15607 /RSS.2024.XX.090.

Driess, D.; Xia, F; Sajjadi, M.5.M.; Lynch, C.; Chowdhery, A.; Ichter, B.; Wahid, A.; Tompson, J.; Vuong, Q.; Yu, T.; et al. PaLM-E: An
Embodied Multimodal Language Model. In Proceedings of the 40th International Conference on Machine Learning, 2023; Proceedings
of Machine Learning Research: Cambridge, MA, USA, 2023; Volume 202, pp. 8469-8488.

Ahn, M.,; Brohan, A.; Brown, N.; Chebotar, Y.; Cortes, O.; David, B.; Finn, C.; Gopalakrishnan, K.; Hausman, K.; Herzog, A.;
etal. Do AsICan, Not As I Say: Grounding Language in Robotic Affordances. In Proceedings of the 6th Conference on Robot
Learning, 2023; Volume 205, Proceedings of Machine Learning Research; pp. 287-318. arXiv:2204.01691.

Jang, E.; Irpan, A.; Khansari, M.; Kappler, D.; Ebert, E; Lynch, C.; Levine, S.; Finn, C. BC-Z: Zero-Shot Task Generalization with
Robotic Imitation Learning. In Proceedings of the 5th Conference on Robot Learning, 2022; Volume 164, Proceedings of Machine
Learning Research; pp. 991-1002. arXiv:2202.02005.

Chi, C,; Feng, S.; Du, Y.; Xu, Z.; Cousineau, E.; Burchfiel, B.; Song, S. Diffusion Policy: Visuomotor Policy Learning via Action
Diffusion. Int. J. Robot. Res. 2025, 44(10-11), 1684-1704. https://doi.org/10.1177/02783649241273668.

Zhao, T.Z.; Kumar, V.; Levine, S.; Finn, C. Learning Fine-Grained Bimanual Manipulation with Low-Cost Hardware. In
Proceedings of Robotics: Science and Systems, 2023. arXiv:2304.13705. https://doi.org/10.15607 /RSS.2023.XIX.016.

Wu, Y;; Zhu, M; Li, X,; Du, Y;; Fan, Y,; Li, W.; Han, Z.; Zhou, X.; Gao, . VLA-AN: An Efficient and Onboard Vision-Language-
Action Framework for Aerial Navigation in Complex Environments. arXiv 2025, arXiv:2512.15258.

Xu, P; Deng, Z.; Deng, J.; Gu, Z.; Wan, S. AerialVLA: A Vision-Language-Action Model for UAV Navigation via Minimalist
End-to-End Control. arXiv 2026, arXiv:2603.14363.

Ma, C.Y,; Wu, Z.; AlRegib, G.; Xiong, C.; Kira, Z. The Regretful Agent: Heuristic-Aided Navigation Through Progress Estimation.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, Long Beach, CA, USA, 15-20 June
2019; pp. 6732-6740. https:/ /doi.org/10.1109/CVPR.2019.00689.

Ross, S.; Gordon, G.J.; Bagnell, ].A. A Reduction of Imitation Learning and Structured Prediction to No-Regret Online Learning. In
Proceedings of the Fourteenth International Conference on Artificial Intelligence and Statistics, 2011; pp. 627-635. arXiv:1011.0686.
Ames, A.D,; Xu, X,; Grizzle, ].W.; Tabuada, P. Control Barrier Function Based Quadratic Programs for Safety Critical Systems.
IEEE Trans. Autom. Control 2017, 62, 3861-3876. https://doi.org/10.1109/TAC.2016.2638961.

Fox, D.; Burgard, W.; Thrun, S. The Dynamic Window Approach to Collision Avoidance. IEEE Robot. Autom. Mag. 1997, 4, 23-33.
https://doi.org/10.1109/100.580977.

Mellinger, D.; Kumar, V. Minimum Snap Trajectory Generation and Control for Quadrotors. In Proceedings of the IEEE
International Conference on Robotics and Automation, Shanghai, China, 9-13 May 2011; pp. 2520-2525. https://doi.org/10.110
9/ICRA.2011.5980409.

Meier, L.; Honegger, D.; Pollefeys, M. PX4: A Node-Based Multithreaded Open Source Robotics Framework for Deeply Embedded
Platforms. In Proceedings of the IEEE International Conference on Robotics and Automation, Seattle, WA, USA, 26-30 May 2015;
pp. 6235-6240. https://doi.org/10.1109/ICRA.2015.7140074.

Song, Y.; Naji, S.; Kaufmann, E.; Loquercio, A.; Scaramuzza, D. Flightmare: A Flexible Quadrotor Simulator. In Proceedings of
the 4th Conference on Robot Learning, 2020. arXiv:2009.00563.

Dosovitskiy, A.; Ros, G.; Codevilla, E; Lopez, A.; Koltun, V. CARLA: An Open Urban Driving Simulator. In Proceedings of the
1st Annual Conference on Robot Learning, 2017; pp. 1-16. arXiv:1711.03938.

Savva, M.; Kadian, A.; Maksymets, O.; Zhao, Y.; Wijmans, E.; Jain, B.; Straub, J.; Liu, J.; Koltun, V.; Malik, J.; et al. Habitat: A
Platform for Embodied Al Research. In Proceedings of the IEEE/CVF International Conference on Computer Vision, Seoul,
Republic of Korea 27 October-2 November 2019; pp. 9339-9347. https://doi.org/10.1109/ICCV.2019.00943.

https://doi.org/10.3390/s26144655


https://doi.org/10.15607/RSS.2023.XIX.025
https://doi.org/10.1109/ICRA57147.2024.10611477
https://doi.org/10.1109/ICRA57147.2024.10611477
https://doi.org/10.15607/RSS.2024.XX.090
https://doi.org/10.15607/RSS.2024.XX.090
https://doi.org/10.1177/02783649241273668
https://doi.org/10.15607/RSS.2023.XIX.016
https://doi.org/10.1109/CVPR.2019.00689
https://doi.org/10.1109/TAC.2016.2638961
https://doi.org/10.1109/100.580977
https://doi.org/10.1109/ICRA.2011.5980409
https://doi.org/10.1109/ICRA.2011.5980409
https://doi.org/10.1109/ICRA.2015.7140074
https://doi.org/10.1109/ICCV.2019.00943
https://doi.org/10.3390/s26144655

Sensors 2026, 26, 4655 31 of 31

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.
47.

Xia, F; Zamir, A.R.; He, Z.; Sax, A.; Malik, J.; Savarese, S. Gibson Env: Real-World Perception for Embodied Agents. In
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18-22 June 2018;
pp. 9068-9079.

Kolve, E.; Mottaghi, R.; Han, W.; VanderBilt, E.; Weihs, L.; Herrasti, A.; Deitke, M.; Ehsani, K.; Gordon, D.; Zhu, Y,; et al.
AI2-THOR: An Interactive 3D Environment for Visual Al. arXiv 2017, arXiv:1712.05474.

Howard, A.G.; Zhu, M.; Chen, B.; Kalenichenko, D.; Wang, W.; Weyand, T.; Andreetto, M.; Adam, H. MobileNets: Efficient
Convolutional Neural Networks for Mobile Vision Applications. arXiv 2017, arXiv:1704.04861.

Iandola, EN.; Han, S.; Moskewicz, M.W.; Ashraf, K.; Dally, W.]J.; Keutzer, K. SqueezeNet: AlexNet-Level Accuracy with 50x

Fewer Parameters and <0.5 MB Model Size. In Proceedings of the International Conference on Learning Representations, Toulon,
France, 24-26 April 2017.

Tan, M.; Le, Q.V. EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks. In Proceedings of the 36th
International Conference on Machine Learning, Long Beach, CA, USA, 9-15 June 2019; pp. 6105-6114.

Vaswani, A.; Shazeer, N.; Parmar, N.; Uszkoreit, ].; Jones, L.; Gomez, A.N.; Kaiser, L.; Polosukhin, I. Attention Is All You Need. In
Proceedings of the Advances in Neural Information Processing Systems, 2017; Volume 30. arXiv:1706.03762.

Devlin, J.; Chang, M.W,; Lee, K.; Toutanova, K. BERT: Pre-training of Deep Bidirectional Transformers for Language Understand-
ing. In Proceedings of the 2019 Conference of the North American Chapter of the Association for Computational Linguistics,
2019; pp. 4171-4186. arXiv:1810.04805.

Radford, A.; Kim, ].W.; Hallacy, C.; Ramesh, A.; Goh, G.; Agarwal, S.; Sastry, G.; Askell, A.; Mishkin, P; Clark, J.; et al. Learning
Transferable Visual Models From Natural Language Supervision. In Proceedings of the 38th International Conference on Machine
Learning, Virtual, 18-24 July 2021; pp. 8748-8763.

Meier, L.; Tanskanen, P.; Heng, L.; Lee, G.H.; Fraundorfer, E; Pollefeys, M. PIXHAWK: A Micro Aerial Vehicle Design for
Autonomous Flight using Onboard Computer Vision. Auton. Robot. 2012, 33, 21-39. https://doi.org/10.1007 /s10514-012-9281-4.
Loshchilov, I.; Hutter, F. Decoupled Weight Decay Regularization. In Proceedings of the International Conference on Learning
Representations, New Orleans, LA, USA, 6-9 May 2019.

Ba, ].L.; Kiros, ].R.; Hinton, G.E. Layer Normalization. arXiv 2016, arXiv:1607.06450.

Kingma, D.P; Ba, ]. Adam: A Method for Stochastic Optimization. In Proceedings of the International Conference on Learning
Representations, 2015. arXiv:1412.6980.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/s26144655


https://doi.org/10.1007/s10514-012-9281-4
https://doi.org/10.3390/s26144655

	Introduction
	Related Work
	UAV Vision-and-Language Navigation
	Vision-Language-Action Models for Robotic Control
	Hybrid Execution and Closed-Loop Control
	Lightweight and Hardware-Free UAV Learning
	Positioning of This Work

	Method
	Mathematical Modelling and Execution Interface
	AirSim RGB-D VLA Pilot Dataset
	Tiny RGB-D VLA Policy
	Modality Ablations
	Progress-Aware Hybrid Execution
	Traceability and Reproducibility

	Experiments 
	Experimental Setup
	Dataset and Protocol
	Offline Multimodal Ablation
	Shortcut Diagnostics: Coordinate Language and Goal Geometry
	Closed-Loop Evaluation
	Checkpoint-by-Target Cross Evaluation
	Diagnostic Baselines and Attribution Boundary
	Efficiency Analysis
	Preliminary AerialVLN-S Action Prediction
	Auxiliary AerialVLN-S Perturbation Proxy
	Closed-Loop Visual Cue Ablation
	Template-Semantic Waypoint Controller Pilot
	Representative Experimental Observations

	Discussion and Threats to Validity
	Conclusions
	References 

