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Abstract. We present HUGE-Bench, a benchmark for High-Level
UAV Vision-Language—Action (HL-VLA) tasks that tests whether an
agent can interpret concise language and execute complex, process-oriented
trajectories with safety awareness. HUGE-Bench comprises 4 real-world
digital twin scenes, 8 high-level tasks, and 2.56M meters of trajecto-
ries, and is built on an aligned 3D Gaussian Splatting (3DGS)~Mesh hy-
brid representation that combines photorealistic rendering with collision-
capable geometry for scalable generation and collision-aware evaluation.
We introduce process-oriented and collision-aware metrics to assess pro-
cess fidelity and flight safety. Experiments on representative state-of-the-
art VLA models reveal significant gaps in high-level semantic completion
and safe execution, highlighting HUGE-Bench as a diagnostic testbed for
high-level UAV autonomy.

Keywords: High-Level VLA - Benchmark - Data generation

1 Introduction

Unmanned aerial vehicles (UAVs) are increasingly deployed for inspection, search-
and-rescue, infrastructure monitoring, and logistics, yet operating them in clut-
tered 3D environments remains labor-intensive and error-prone. Operators must
translate high-level intent into dense waypoints and continuous low-level control
while maintaining situational awareness and safety. Recent advances in vision-
language-navigation (VLN) suggest a promising alternative: language-guided
flight, where users express intent in natural language and an agent grounds it into
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Fig.1: Overview of HUGE-Bench. Our benchmark comprises four 3DGS—Mesh
digital-twin environments reconstructed from real-world scenes, eight high-level UAV
VLA tasks, and 2.56 million meters of trajectory data. In addition, we develop a
collision-aware simulation platform that enables collision-free trajectory collection and
facilitates safety evaluation.

perception and actions [2,7,17,20]. In the UAV domain, aerial VLN benchmarks
have further catalyzed progress by standardizing tasks, datasets, and evaluation
protocols [7,20]. However, existing benchmarks still only partially reflect how
UAVs are commanded and evaluated in real operations.

A central mismatch lies in instruction style and task abstraction. Most VLN
settings emphasize long, step-wise route descriptions, and evaluation is largely
goal-centric, e.g., Success Rate (SR) and Success weighted by Path Length
(SPL) [2], sometimes complemented by normalized Dynamic Time Warping
(nDTW) and Success weighted by nDTW (SDTW) for trajectory fidelity [10].
In contrast, UAV operators typically issue brief, high-level commands (e.g., “in-
spect the building on the left”), leaving the system to infer targets, decompose
subtasks, and execute a multi-stage procedure safely. Such commands stress
semantic grounding from aerial viewpoints, 3D spatial reasoning over direc-
tion/altitude/distance, and memory across stages. Yet most existing UAV bench-
marks are still formulated as route-following VLN, which makes them less di-
agnostic for short, underspecified commands and process-oriented multi-stage
behaviors (Table 1).

This gap is further amplified by environment representation and safety mod-
eling. Benchmark validity depends on both photorealistic perception and phys-
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Table 1: Comparison of UAV navigation and action benchmarks. “Source” in-
dicates whether the environments are synthetic or reconstructed from real-world data.
“3D Rep.” denotes the 3D scene representation. “Subtask” indicates whether the bench-
mark provides explicit multi-stage task decomposition rather than single-step naviga-
tion. “Len. (m/w)” measures trajectory length normalized by instruction length. “Col-
lision” indicates explicit collision-aware evaluation.

Benchmark Source 3D Rep. Subtask Len. (m/w) Collision Type
Aerial VLN [20] Syn. Mesh X 7.97 X VLN
CityNav [19] Real P. Cloud X 20.92 X VLN
TravelUAV [31]  Syn. Mesh x 2.45 v VLN
Opentfly [7] Syn., Real Mesh, 3DGS X 1.68 X VLN
UAV-Flow [30] Syn., Real Mesh X <4 X VLA
HUGE-Bench Real 3DGS-Mesh v 32.07 v VLA

ically executable collision checking. Mesh-based simulators support physics and
collision queries (e.g., high-fidelity UAV simulation in AirSim) [27], but may in-
troduce a perception gap for vision—language grounding. Conversely, neural ren-
dering such as 3D Gaussian Splatting (3DGS) provides real-time, photorealistic
novel-view rendering [15], but native 3DGS is appearance-first and does not di-
rectly yield collision-ready geometry. Recent efforts toward physically executable
3DGS highlight the need for hybrid designs that pair 3DGS rendering with
mesh-based collision bodies [21]|, which is particularly crucial for safety-critical
UAV evaluation. Moreover, current evaluation protocols under-measure process
correctness. Goal-only metrics can miss important failure modes in high-level
missions: a policy may reach an endpoint while skipping required procedures,
drifting from the intended process, or colliding en route. Many UAV missions are
inherently process-oriented (inspection coverage, orbiting with clearance, map-
ping completeness), and thus require metrics that assess procedural completion
beyond endpoint success.

To address these limitations, we introduce HUGE-Bench, a benchmark for
High-Level UAV Vision Language Action (HL-VLA) control. HUGE-Bench con-
tains 4 real-world 3DGS-Mesh scenes, 8 high-level tasks, and 2.56M meters of tra-
jectories, together with collision-aware simulation. Unlike route-following VLN,
HUGE-Bench targets the operational regime where a short command implies
structured multi-stage behaviors. Our task suite spans landing, road/building
inspection, area mapping, orbiting (altitude/radius control), multi-turn spiral-
down, and obstacle-aware region traversal (Fig. 1). HUGE-Bench is enabled
by a real-to-sim pipeline that couples photorealistic rendering with physics-
grounded collision evaluation (Fig. 2). We reconstruct an aligned 3DGS—Mesh
digital twin: 3DGS supports realistic perception, while the mesh provides colli-
sion queries and depth. This design supports scalable trajectory generation while
preserving an explicit safety channel (collision outcomes), enabling evaluation of
both semantic grounding under short commands and safe execution.
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Fig. 2: Trajectory generation pipeline of HUGE-Bench. Starting from real-
world data collection, we reconstruct 3D environments using 3DGS and mesh repre-
sentations. Landmarks are localized and annotated to generate spatial descriptions and
task instructions. Trajectories are collected in the simulation platform with multimodal
observations, including RGB, depth, 4-DoF state, and subtask phases.

We propose evaluation tailored to high-level UAV behaviors. We report Aver-
age Trajectory Coverage Rate (Avg. TCR), normalized Dynamic Time Warping
(nDTW), and Normalized Task Progress (NTP) to assess process completion,
trajectory alignment, and task progress. For safety-critical traversal, we addi-
tionally measure Collision Rate (CR) and Collision-aware Success weighted by
Path Length (CSPL) to evaluate collision frequency, goal reaching, and path ef-
ficiency. Using this protocol, we benchmark representative VLA and VLM mod-
els (OpenVLA, FastVLM, g, and g 5) [11,12,16,29]. Results reveal substantial
gaps in process completion and safe execution under short instructions, position-
ing HUGE-Bench as a diagnostic and safety-relevant testbed for high-level UAV
VLA.

In summary, our contributions are three-fold:

— HL-VLA task formulation. We introduce a new benchmark setting for
HL-VLA tasks, where UAVs must interpret short, potentially ambiguous
commands and execute multi-stage semantic behaviors.

— Real-to-sim benchmark. We build HUGE-Bench, a UAV benchmark con-
structed from real-world scenes and an aligned 3DGS—Mesh digital twin, en-
abling large-scale trajectory generation and realistic safety-aware evaluation.

— Process-oriented and safety evaluation. We propose process-oriented
and collision-aware metrics that evaluate UAV execution along three dimen-
sions: process fidelity and safety.
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2 Related Work

2.1 Aerial Vision—Language Navigation and VLA

Vision-Language Navigation (VLN) studies instruction-conditioned navigation,
typically evaluated with goal-centric success/efficiency metrics (e.g., SR/SPL)
and trajectory-faithfulness scores (e.g., nDTW/SDTW) [2, 10, 17]. Large-scale
VLN datasets and variants (e.g., R4R, RxR, CVDN, REVERIE) further expose
long-horizon and grounded language challenges [13, 18,24, 28]. Methodologically,
VLN has progressed from imitation/RL baselines to pretraining and transformer-
based policies with longer memory and stronger grounding [4,5,8,9].

Aerial VLN inherits this protocol but must handle continuous 3D flight
dynamics, larger scale, and stronger safety constraints. Aerial VLN proposes
Look-ahead Guidance (LAG) to mitigate supervision mismatch between short-
est paths and language-described routes [20]. OpenFly scales aerial VLN via
automated trajectory—instruction generation across multiple engines and in-
troduces a keyframe-aware agent with history and token merging [7]. Recent
VLM/VLA-based navigation explores video-conditioned action prediction and
cross-embodiment generalization [6, 32, 33]. Despite these advances, the domi-
nant formulation remains route-following with detailed instructions. In contrast,
we study high-level UAV Vision Language Action tasks under short, underspec-
ified commands, where success requires process-oriented multi-stage execution
and safety-aware behavior.

2.2 UAV VLN/VLA Benchmarks

UAV benchmarks vary widely in data sources, scene representations, annotation
granularity, and safety protocols. As summarized in Table 1, AerialVLN [20],
CityNav [19], and OpenFly [7] are primarily VLN-style benchmarks without
intermediate subtask annotations and with limited collision-centric evaluation,
while TravelUAV [31] emphasizes more realistic UAV simulation and assistant-
guided object search. UAV-Flow shifts to language-conditioned fine-grained con-
trol with real-world episodes, complementing VLN with a VLA-style control
regime [30]. Overall, existing resources underrepresent the regime of short lan-
guage driving long, multi-stage flights and rarely standardize collision-aware
evaluation. HUGE-Bench is designed to occupy this missing region with (i)
high-level task definitions, (ii) scalable trajectory generation, and (iii) explicit
collision-aware evaluation enabled by our digital twin.

2.3 Environment Representations and Evaluation

Safety-relevant benchmarking depends on both photorealistic perception and
physically executable collision checking. UAV simulation platforms such as Air-
Sim support physics-based UAV dynamics and collision queries [27], while em-
bodied AI simulators and datasets (e.g., Habitat, Matterport3D, HM3D) provide
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VLN task example VLA task example

= Instruction:

Instruction: | S Orbit the building in the right of the view once.
Take off, fly through the tower of cable bridge | n
and down to the end of the road. Turn left, fly | lllT Subtask annotation:

over the five-floor building with a yellow shop | start_id, end_id, subtask

sign and down to the intersection on the left. | . 1) 0, 21, “Move to the building in the right of the view.”
Head to the park and turn right, fly along the | W87 7=~ 12 22,76, “Descendto 60 meter above the target

edge of the park. March forward, at the | building.”

intersection turn right, and finally land in front | 3) 77,121, “Adjust heading.”
of the building with a red billboard on its | 4) 122,580, “Orbit the target building.”
rooftop. i 5) 581,634, “Ascend back to the original altitude.

6) 635,656, “Move back to the starting point.”

Fig. 3: Difference between previous VLN tasks and HL-VLA tasks. Left: a
VLN task example [20] where the UAV follows a long-horizon navigation instruction
through multiple landmarks. Right: a HL-VLA task example with a high-level instruc-
tion decomposed into temporally aligned subtasks for structured trajectory execution.

efficient rendering and large-scale reconstructed geometry [3,25,26]. Neural ren-
dering, especially 3D Gaussian Splatting (3DGS), enables high-quality real-time
novel-view synthesis [15], but is not collision-ready by default; recent work there-
fore advocates hybrid designs that pair 3DGS rendering with mesh-based colli-
sion bodies for physically executable evaluation [21]. On the metrics side, clas-
sic VLN emphasizes SR/SPL and trajectory similarity (nDTW/SDTW), and
complementary measures such as instruction-fidelity /coverage have also been
proposed [2,10,13]. Motivated by the need to evaluate process correctness and
safety in high-level UAV behaviors, HUGE-Bench adopts an aligned 3DGS—-Mesh
digital twin and reports process-oriented and collision-aware metrics tailored to
multi-stage trajectories rather than goal-only navigation.

3 HUGE-Bench

We introduce HUGE-Bench, a benchmark for high-level Vision—Language—Action
control of UAVs. HUGE-Bench includes (i) a task suite with representative high-
level UAV behaviors, (ii) a scalable trajectory and annotation generation pipeline
grounded in real-world capture, (iii) collision-aware simulation and data gener-
ation platform based on an aligned 3DGS—Mesh digital twin, and (iv) process-
oriented evaluation metrics that jointly measure process fidelity and safety. An
overview of the pipeline is shown in Fig. 2.

3.1 High-level VLA Tasks for UAVs

We counsider a UAV VLA policy that, given the current observation (e.g., RGB or
RGBD) and a natural-language instruction, predicts the next-step action target,
such as velocity commands or the next state along a trajectory:

a; = 7T9(Otvxa St) ) (1)

where o; denotes the UAV observation at time ¢, x is the instruction, s; is the
current state, and a; is the action target (e.g., velocity v; or the next state st+1)
predicted by the policy my with parameters 6.
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Instruction FPV Trajectory Trajectory FPV Instruction

Perform a mapping
mission over the field
in the left of the view.

Fly through the
current building
complex

Orbit the
basketball court
at 70 meters

Inspect the road in the
view, heading towards
the upper right.

Spiral down
around the
tarmac three
times

Fly fo 60 meters
above the moon-
shaped roof

Orbit the building
in the upper left of
the view.

Orbit the parking
plot with a 10-
meter radius.

Fig.4: Examples of HL-VLA tasks in HUGE-Bench. Each example shows a
natural-language instruction, the corresponding first-person view (FPV) observations
highlighting target regions, and the resulting multi-stage flight trajectory.

High-level instructions in our setting are short and potentially ambiguous,
reflecting realistic human interaction patterns (e.g., “inspect the building on the
left”). Unlike step-by-step low-level commands, a high-level instruction typically
implies a sequence of latent subtasks. For example, “inspect the building on
the left” requires the UAV to: (1) identify the referred building from an aerial
viewpoint, (2) approach it, (3) descend to an inspection altitude, (4) orbit while
maintaining safe clearance, and (5) return to the initial altitude and position.
Therefore, HL-VLA for UAVs stresses: (1) Language grounding and subtask
decomposition under short and underspecified instructions, (2) Semantic visual
understanding from aerial perspectives, and (3) 3D spatial reasoning (direction,
altitude, distance, orientation). A comparison between conventional UAV VLN
and our proposed HL-VLA task is illustrated in Fig. 3

Based on these requirements, we define eight representative tasks (see Fig. 4):

1. Target Landing: orient toward a target, reach its overhead position, descend
to a specified altitude, and hover (referred to as Landing).

2. Road Inspection: reach the road, descend to inspection altitude, align with
the required direction, perform inspection, then ascend back to the start
altitude and stop (referred to as Inspection-R).

3. Adaptive Building Inspection: approach the building boundary, descend to
inspection altitude, select an orbit direction, circumnavigate along the bound-
ary with adaptive clearance, then return to the start pose (referred to as
Inspection-B).

4. Area Mapping: move to the boundary of a target region, descend to a spec-
ified altitude, perform coverage-style mapping, and return to the start alti-
tude (referred to as Mapping).

5. Orbiting at Different Heights: reach the target overhead location at a speci-
fied altitude, enter a circular track, loiter, then exit and return (referred to
as Orbit-H).
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6. Orbiting with Different Radius: similar to 5. but with an instruction-conditioned
orbit radius (referred to as Orbit-R).

7. Multi-turn Spiral Down: execute a spiral loiter pattern (multi-turn) condi-
tioned on the instruction (referred to as Spiral Down).

8. Region Traversal: traverse a designated area while detecting obstacles and
executing avoidance behaviors (referred to as Traversal).

Collectively, these tasks probe target recognition, directional grounding, depth
and altitude awareness, and multi-stage trajectory completion in a unified HL-
VLA setting.

3.2 Trajectory Data Generation

HUGE-Bench trajectories are generated through a real-to-sim pipeline that cou-
ples photorealistic perception with physics-grounded collision awareness. The
pipeline consists of: (1) real-world data capture, (2) aligned 3DGS—mesh digital
twin reconstruction, (3) annotation generation, and (4) simulator-based trajec-
tory collection.

Real-world Data Capture. We collect data using a DJI M400 UAV equipped
with a Zenmuse L2 payload across four representative outdoor scenes: office
buildings, dense urban blocks, swamp and farmland, and construction roads.
The total covered area is approximately 6.45 km?. Flights are performed at
~ 85 m above ground, recording GPS from GNSS, UAV pose, camera pose, and
high-resolution RGB images (5280 x 3956). To improve reconstruction quality
at near-ground altitudes, we additionally capture supplementary low-altitude
views.

3D Environment Reconstruction. For each scene, we reconstruct both a
3DGS model and a triangle mesh. This joint 3DGS-Mesh digital twin repre-
sentation is central to HUGE-Bench: 3DGS provides high-fidelity renderings for
realistic perception inputs. The mesh provides collision-enabled geometry and
supports physics-based queries, as well as depth via ray casting.

Landmark Localization. We place a grid of top-down cameras at ~ 60 m alti-
tude and render the 3DGS scene to obtain global 2D map views, while rendering
the mesh to obtain aligned depth. We then use an LLM to localize landmarks on
the rendered maps and output normalized image coordinates. After manual re-
view to remove ambiguous or incorrect labels, we back-project pixel coordinates
using camera intrinsics and depth to obtain pixel-level 3D landmark positions.
For semantically extended regions (e.g., buildings, roads, fields), we additionally
provide human-annotated masks.
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Trajectory Length Distribution by Task

Fig. 5: Dataset statistics of HUGE-Bench. We analyze trajectory length dis-
tributions across tasks (left), the proportion of different task types (middle), and the
vocabulary distribution in instructions through verb and landmark word clouds (right).

Spatial Direction Descriptions. Many HL tasks cannot be reliably speci-
fied with only generic nouns like “building” or “road,” especially when multiple
visually similar candidates appear in view or when a route direction must be
specified (e.g., road inspection “along the right side”). To address this, before
trajectory collection we select the intended target, sample random initial views
in its vicinity, and use the target mask to prompt an LLM to produce human-like
spatial referring expressions (e.g., “upper-left,” “center,” “along the right side of
the frame”). This yields instructions combining directional phrases with generic
categories (e.g., “the building in the upper-left”), enabling more precise language
grounding under high-level commands.

Simulator-based Trajectory Collection Trajectory collection is conducted
in Isaac Sim [22], which offers GPU-accelerated rendering and PhysX-based rigid-
body simulation. First, we import the aligned 3DGS-Mesh digital twin into the
simulator. Then we generate a sequence of 3D waypoints using task-specific
rules. During execution, the simulator records synchronized multimodal streams
including RGB, depth, pose, flight states, and collision signals, enabling scal-
able data generation and standardized evaluation. For data sampling, we record
frames at approximately 1 m spatial intervals along the trajectory; during turns,
we additionally sample at every 5° heading change to better capture viewpoint
transitions. For the obstacle-avoidance traversal task, we generate paths using an
RRT-based planner [14]. Because dense triangle meshes can significantly increase
planning and collision-query cost, we perform mesh cleaning floater removal and
mesh decimation to reduce complexity. Additional implementation details are
provided in the Appendix.

3.3 Data Analysis

Fig. 5 summarizes the dataset statistics. Trajectory lengths vary substantially
across tasks: Mapping exhibits the longest and most diverse trajectories, while
Landing, Orbit-H, Orbit-R, and Spiral Down are shorter and more concentrated.
The task distribution is relatively balanced, with Mapping as the largest subset
(20.4%) and Traversal the smallest (8.1%). The two word clouds summarize
the dominant semantics in HL-VLA instructions. The left cloud is dominated by



10 J. Guo et al.

scene entities and landmarks (e.g., building, road, tree, obstacle). The right cloud
highlights action-oriented verbs (e.g., fly, orbit, avoid, inspect, spiral), suggesting
that the tasks emphasize high-level motion primitives and inspection behaviors
beyond simply reaching a goal.

3.4 Dataset Splits

We partition our dataset into three splits: train, test-seen, and test-unseen. This
design aims to evaluate a model’s ability to generalize across both outdoor en-
vironments and natural-language instructions.

In our benchmark, we define test-seen as trajectories whose target landmark
appears in the training set. Although the landmark itself is seen during training,
the initial observation in the first frame is randomized, including the agent’s
altitude, horizontal distance to the target, and the relative direction with respect
to the landmark. This split evaluates whether the model can robustly reach a
familiar target under novel initial viewpoints and spatial configurations.

To further assess generalization to new scenarios and language, we construct
a test-unseen split from two complementary sources: (1) Landmark-unseen: we
hold out a subset of landmarks that never appear in training. (2) Instruction-
unseen: we apply instruction-level generalization by randomly diversifying the
language. Specifically, we use an LLM to generate paraphrases that replace the
verb or the textual description of the target landmark while preserving the in-
tended task semantics. In total, our dataset contains: 5,330 trajectories in train,
593 trajectories in test-seen, and 294 trajectories in test-unseen. This split mea-
sures the model’s ability to handle novel landmarks and linguistic variations
beyond the training distribution.

3.5 Evaluation Metrics

Classic goal-oriented VLN benchmarks mainly emphasize terminal success. In
contrast, our HL-VLA suite requires evaluating process completion, trajectory
alignment and safety-aware execution. For process-oriented tasks such as inspec-
tion, mapping, and orbiting, we use Trajectory Coverage Rate (TCR) to
measure how well a predicted trajectory covers the intended ground-truth pro-
cess. Given a ground-truth trajectory 79 = {p;}¥, and a predicted trajectory
Trred treated as a polyline, we compute:

d; = i P — . 2
(oin | [Ipi = all2 (2)
TCR is then defined as:
1N
TCR = — I(d; < 6), 3
y LM <D Q

where ¢ is a distance tolerance. We report TCRQK under multiple thresholds,
where K € {1m,2m,5m}. We further report Avg. TCR, which averages TCR
scores over the evaluated tasks to summarize overall process completion.
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Table 2: Overall comparison on the test set. We report both process-oriented
metrics and safety metrics across different baseline models. values indicate limited
comparative significance due to low performance, e.g., spinning in place.

Process-oriented Metrics Safety Metrics

Methods

Avg. TCR 1+ nDTW1 NTP1t CRJ] CSPL?T
OpenVLA 0.112 0.011 0.122
Memory VLA 0.234 0.077 0.549 0.072 0.226
FastVLM 0.285 0.136 0.633 0.060 0.391
0 0.558 0.443 0.653 0.011 0.802
Depth-aware 7o 5 0.577 0.459 0.617 0.013 0.792
0.5 0.581 0.467 0.618 0.018 0.805

Since TCR measures spatial coverage but is less sensitive to temporal or-
dering, we also report normalized Dynamic Time Warping (nDTW) [10].
nDTW penalizes reversed or re-ordered trajectories, and therefore complements
TCR by measuring direction-aware trajectory alignment.

We further report Normalized Task Progress (NTP) to measure how
much of the intended high-level task is completed. Unlike terminal success, which
only evaluates whether the final goal is reached, NTP provides a normalized
progress score in [0, 1] based on the completion of annotated task stages. This
allows us to evaluate partial task completion even when the full trajectory is not
successfully completed.

For safety-critical traversal, we compute Collision Rate (CR) as the frac-
tion of episodes in which at least one collision occurs, following common practice
in collision-aware simulation benchmarks [23]. To jointly reflect goal reaching,
collision-free execution, and path efficiency, we further report Collision-aware
SPL (CSPL) based on Success weighted by Path Length (SPL) [1]:

L

csm:s-ﬂ-ﬂcm))-m,

(4)
where S indicates terminal success, L is the reference path length, and P is the
predicted path length. Here, I(C > 0) is an episode-level collision indicator that
equals 1 if any collision occurs and 0 otherwise.

Overall, these metrics capture trajectory alignment and task progress (TCR,
nDTW and NTP), and safety-aware efficiency (CR and CSPL), enabling a faith-
ful evaluation of HL-VLA behaviors.

4 Experiments

4.1 Baselines

The HL-VLA task requires strong vision-language understanding, reliable spa-
tial perception, and memory over multi-stage execution. We therefore evaluate
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Human Expert —— OpenVLA —— MemoryVLA —e— FastVLM mo —— o5
Landing Landing
98.9 99.2
Inspection-R inspection-B Inspection-K inspection-B
93,0 85.7 90,4 87.6
Spiral Down84.6 92.4Mapping Spiral Dowrs73 90.1 Mapping
9616 96.1 2w 97.9
Orbit-R 857 Orbit-H Orbit-R 858 Orbit-H
Traversal Traversal
a) Seen Command Set b) Unseen Command Set

Fig. 6: Per-task nDTW comparison on seen and unseen sets.

representative state-of-the-art VLA models on HUGE-Bench, including Open-
VLA [16], mo [12], 7.5 [11], and FastVLM [29]. These baselines cover a trade-
off between general-purpose capability and efficiency. For FastVLM, we use
FastVLM to efficiently encode visual and language inputs into hidden states,
and append 7y’s action expert, initialized from g, to predict actions.

We additionally evaluate MemoryVLA, an OpenVLA-based baseline with
implicit memory, to examine whether memory improves long-horizon HL-VLA
execution. To study multimodal spatial perception, we also include a depth-aware
7.5 baseline, which encodes depth maps as additional visual observations.

Following prior work [30], we provide the model with visual observations from
two time steps: the first frame of the trajectory and the current frame. This two-
frame input is intended to help the model infer the agent’s relative position and
progress in 3D space. To ensure a fair comparison, all baselines are evaluated
under the same input format and protocol on HUGE-Bench. Additional details
on the models, training procedures, and implementation settings are provided
in the Appendix.

4.2 Results

Table 2 summarizes the overall performance on the test set. Overall, the m-based
policies achieve the strongest performance among the evaluated baselines. 7 5
obtains the best Avg. TCR, nDTW, and CSPL, suggesting that richer visual
pretraining can improve overall trajectory quality and process alignment. g
achieves the best NTP and the lowest CR, indicating stronger stage-wise progress
and safer execution in our evaluation. FastVLM remains competitive on process-
oriented metrics, while OpenVLA performs substantially worse. MemoryVLA
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Fig.7: A visualization of model predictions for Traversal tasks. The green
trajectories indicate collision-free results, and the red trajectories denote trajectories
that result in collisions.

improves over OpenVLA, confirming the benefit of memory for long-horizon HL-
VLA tasks. This supports the need for future memory-augmented VLA models
that can better track task progress across multi-stage aerial behaviors.

To evaluate safety behavior, we further study collision-aware metrics enabled
by our 3DGS-Mesh digital twin. As shown in Table 2, 7wy achieves the lowest Col-
lision Rate, while my 5 obtains the best collision-aware path quality measured by
CSPL. The depth-aware 7 5 baseline reduces CR from 0.018 to 0.013 compared
with 7.5, but does not consistently improve trajectory alignment or overall task
progress. These results suggest that richer visual pretraining and explicit depth
can improve different aspects of behavior, but neither alone guarantees safe and
reliable 3D execution.

Fig. 6 provides a per-task nDTW comparison on seen and unseen splits.
Across most tasks, the w-based policies maintain stronger trajectory alignment
than OpenVLA and FastVLM, especially on landing and orbiting tasks where
landmark recognition and localization are central. The seen—unseen gap is task-
dependent: models generally transfer better on structured landmark-centric be-
haviors, while inspection, mapping, spiral-down, and traversal remain more chal-
lenging because they require sustained geometric tracking, long-horizon progress
estimation, and safe 3D execution. These results show that HUGE-Bench covers
a broad difficulty spectrum rather than only measuring endpoint reaching. To
contextualize model performance, we further include expert-pilot evaluation as
a human upper bound, and implementation details are provided in the supple-
mentary material.

5 Conclusion

We introduce HUGE-Bench, a benchmark for evaluating high-level UAV vision—
language—action capabilities in long-horizon missions. HUGE-Bench targets a
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Inspection-R Spiral Down Orbit-R Traversal

Orbit-H Landing Mapping Inspection-B

Fig. 8: Visualization of successful results from 7, across different tasks.

practical operating regime in which a UAV must execute multi-stage tasks from
brief, high-intent instructions while maintaining semantic correctness and safety.
Unlike conventional UAV-VLN settings that primarily emphasize reaching a des-
tination, our benchmark reflects a more realistic paradigm: short instruction —
implicit subtask decomposition — stage-wise execution. To enable fine-grained
diagnosis, we incorporate explicit stage annotations and process-oriented metrics
to quantify execution progress and stage completion.

To support scalable and cost-effective evaluation, we build an end-to-end
data and assessment pipeline that combines real UAV capture with an aligned
3DGS—Mesh digital twin. This hybrid representation leverages the high-fidelity
rendering of 3DGS and the collision-aware geometry of meshes, enabling phys-
ically actionable simulation with collision-sensitive assessment as well as large-
scale data generation. HUGE-BENCH further releases richly annotated episodes,
including RGB, depth, pose, destination semantics, and subtask stage labels. We
also propose a unified evaluation protocol that jointly characterizes stage com-
pletion, trajectory efficiency, and collision safety. Experiments with representa-
tive state-of-the-art VLA models reveal substantial gaps in high-level semantic
stage completion and safe execution, highlighting the value of HUGE-Bench for
diagnosing limitations and advancing high-level UAV VLA systems.

Limitations The current benchmark primarily focuses on static environments.
Incorporating diverse and realistic dynamics, e.g., moving obstacles, changing
illumination and weather, or non-stationary objects, remains an important di-
rection to better reflect real-world deployment conditions. Furthermore, while
our digital-twin pipeline improves physical plausibility and enables collision-
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aware evaluation, bridging the gap from complex long-horizon high-level VLA
behaviors in simulation to robust real-world execution is still challenging. Future
work should investigate stronger domain generalization, online adaptation, and
hardware-in-the-loop validation to facilitate reliable real-world deployment.
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