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we separate semantic-reasoning latency, control timing, power, task outcomes, hardware,
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1. Introduction

Unmanned aerial vehicles (UAVs) support inspection, rescue, agriculture, delivery, and mapping, but
conventional perception—mapping—planning—control pipelines remain difficult to configure through natural language
and brittle when semantic targets, sensing conditions, or dynamics differ from design assumptions [1]. Geometric
planners provide interpretable motion generation [2], whereas learning-based flight has improved high-speed
navigation and racing [3,4]; neither route alone resolves open-vocabulary grounding, long-horizon reasoning, and
verified execution.

Large language models (LLMs), vision—language models (VLMs), and vision—language—action (VLA) models
introduce complementary capabilities. LLMs can translate instructions into typed subgoals or formal specifications [5];
VLMs associate visual observations with open-vocabulary concepts [6]; and VLA models learn direct observation-
to-action mappings [7]. General embodied models such as PaALM-E, RT-2, and SayCan demonstrate knowledge
transfer, action tokenization, and language-conditioned skill selection [8—10], motivating UAV-oriented surveys and
broader language-model-based task-planning frameworks [11,12]. Their deployment nevertheless creates a rate
mismatch between slow probabilistic semantic inference and high-rate stabilization, while hallucination, resource
limits, Sim2Real shift, and intermittent edge—cloud links introduce additional failure modes.

Recent surveys cover broad LLM—UAV applications [13], agentic UAVs [14], Transformer/LLM taxonomies [15],
publication-to-practice gaps [16], UAV operations and communications [17], and aerial vision—language navigation
(VLN) [18,19]. A system-level synthesis is still needed to connect cognition, continuous control, swarm coordination,
deployment, formal safety, cybersecurity, and process-oriented evaluation under a common evidence protocol.
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This survey therefore makes four contributions. It (i) proposes a five-dimensional taxonomy covering language
understanding and task planning, navigation and control, multi-agent coordination, onboard deployment and optimization,
and benchmarks and evaluation; (ii) separates semantic latency, control timing, frequency, board power, task time,
hardware, and validation setting, marking unreported values as N/R; (iii) compares decoupled and end-to-end architectures
together with hard-constraint and learned-safety paradigms and their failure modes; and (iv) derives research directions
for lightweight hierarchical reasoning, semantically adaptive runtime assurance, communication-aware autonomy, and
airworthiness-oriented validation. Figure 1 summarizes the three-layer architecture: safety-critical estimation, control,
and fallback remain onboard, while edge and cloud services provide optional lower-rate perception, coordination, and
semantic reasoning behind typed interfaces and independent validation.

Autonomous UAV System: Hierarchical Intelligence, Communication, and Safety Architecture
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Figure 1. Three-layer LLM-enabled UAV architecture with explicit semantic validation, communication management,

runtime safety assurance, and local fallback. Cloud and edge outputs remain high-level advisory inputs; actuator

authority is retained by the onboard verified control path.

2. Review Scope and Evidence Audit

This survey uses a structured, topic-driven literature-selection and evidence-audit process. Sources actually
consulted include arXiv and official publisher, venue, standards, and regulator pages, including IEEE Xplore, ACM
Digital Library, PMLR, journal websites, and aviation-authority repositories. Relevant studies were identified through
title- and topic-based lookups and backward and forward citation tracing from recent LLM—UAV and aerial vision—
language navigation surveys and primary studies. The term groups below summarize the search concepts actually used;
they are not presented as a single database-wide Boolean expression executed uniformly across all sources. The survey
does not claim an exhaustive database census or report unsupported retrieval and screening counts.

The literature selection was guided by three groups of terms: (i) foundation-model terms, including large
language model, LLM, vision-language model, VLM, vision-language—action, VLA, foundation model, and
multimodal large language model; (ii) aerial-platform terms, including UAV, drone, unmanned aerial vehicle,
and aerial robot; and (iii) autonomy and deployment terms, including navigation, planning, control, perception,
coordination, swarm, deployment, safety, and benchmark. The main coverage window is January 2019 to July 2026.
Earlier planning, control, safety, communication, and robotics studies are retained only when they provide necessary
technical foundations.

Titles and abstracts were used for initial relevance checks, and primary full texts were consulted before
architectural descriptions, numerical results, safety claims, or deployment evidence were included. A study is
included when it directly integrates a foundation model into a UAV autonomy, interaction, networking, or multi-agent
workflow, or when it introduces a UAV-specific dataset, benchmark, platform, or closely related survey with
sufficient technical detail. Ground-only robotics, generic remote sensing, non-autonomous UAV applications,
duplicate versions, and classical-only methods are excluded from the primary evidence set; classical planning, DRL,
CBF/MPC, communication, and airworthiness studies are used only as background evidence.

For each primary study, we extract the task and scenario, model family, perception/planning/control architecture,
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onboard—edge—cloud partition, hardware, branch-specific inference time, control frequency, board-level power, task
outcomes, safety mechanism, communication assumptions, security/privacy considerations, and simulation/HIL/real-
flight evidence. Numerical values retain the source paper’s units and measurement boundary. Semantic-model
latency is not conflated with control-loop frequency or mission time; board-level power is not treated as propulsion
power; relative improvements are distinguished from percentage-point gains; and unreported values are marked N/R.
Because hardware, environments, and success definitions differ substantially, the tables are evidence inventories
rather than pooled rankings. Source-reported within-study comparisons are retained only when the baseline and
evaluation protocol are explicit.

2.1. Positioning Relative to Existing Surveys

Table 1 distinguishes this work from broad application, agentic-UAV, Transformer, operations/communication,
and aerial-VLN reviews. The intended contribution is the joint treatment of the autonomy stack with an auditable
quantitative and deployment evidence schema, rather than a claim of being the first review.

Table 1. Positioning relative to existing LLM—-UAV and aerial-VLN surveys.
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2.2. Review Limitations

The field is evolving faster than conventional indexing, and many 2025-2026 systems remain preprints
whose publication status or numerical tables may change before resubmission. Because the literature selection is
topic-driven rather than an exhaustive database census, relevant studies may be missed when they appear only on
project pages, use different terminology, or are released after the final update. More importantly, the reviewed
studies use heterogeneous vehicles, sensors, compute platforms, action spaces, environments, and success definitions,
preventing a defensible meta-analysis of latency, power, or safety. This survey therefore emphasizes source-traceable
evidence, explicit validation settings, and matched-protocol comparisons rather than pooled effect sizes.
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3. Semantic Understanding and Task Planning Layer: From Instruction Parsing to Spatiotemporal
Cognition

LLM-enabled UAV cognition extends conventional finite-state instruction handling toward open-vocabulary
grounding, memory, and machine-checkable task constraints [20]. Figure 2 organizes representative systems into
language understanding and task planning, navigation and control, multi-agent coordination, onboard deployment
and optimization, and benchmarks and evaluation.

Five-Dimensional Taxonomy of LLM-Enabled Autonomous UAV Systems
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Figure 2. Five-dimensional taxonomy of LLM-enabled autonomous UAV systems. Each representative method is

placed at its primary contribution node; secondary roles are discussed in the corresponding sections.

3.1. Instruction Parsing and Subgoal Decomposition

Early systems use LL.Ms as high-level planners that translate language into waypoints or action primitives.
UAV-VLN couples instruction parsing with visual alignment [21], whereas TypeFly constrains generation through
the MiniSpec language, streaming execution, probes, and replanning exceptions [22]. Such typed interfaces improve
executability but do not remove cloud jitter, privacy, or syntax-coverage limits. VLN-Pilot therefore pairs an MLLM
high-level operator with a finite-state low-level controller [23], illustrating a recurring design principle: probabilistic
semantic decisions should not replace stabilization and obstacle-avoidance loops.

3.2. Open-Vocabulary Grounding and Semantic—Geometric Maps

APEX combines DINOvV2/SAM grounding with asynchronous 3D semantic memory [24], while OnFly
shares perception between a fast decision agent and a slower monitoring agent and stabilizes memory through
keyframe/latest-frame caching [25]. Earlier CLIP-Fields and ConceptFusion show how language-aligned features
can be embedded into 3D representations [26,27]. GeoNav adds map and landmark priors for long-range urban
search [28]; SpatialFly injects geometric priors to reduce cross-view inconsistency [29]. Across these methods, the
principal failure boundary remains the conversion from 2D semantic evidence to metric 3D coordinates under depth,
calibration, pose, and timing errors.

3.3. Long-Horizon Memory

LongFly compresses historical views into slots and jointly encodes trajectory context [30]; grid-based memory
and coarse-to-fine action refinement provide a more structured alternative [31]. Keyframe selection, asynchronous

https://doi.org/10.53941/ic.2026.100011 4 of 18


https://doi.org/10.53941/ic.2026.100011

Wang and Zhang Intell. Control 2026, 2(3), 4

updates, and topological-metric representations reduce repeated exploration, but fixed context budgets, pose drift,
and stale observations still limit cross-session or lifelong operation. Memory should therefore be evaluated by
decision benefit, update cost, freshness, and failure recovery rather than context length alone.

3.4. Formal Task Specifications

VernaCopter translates language into Signal Temporal Logic (STL) before trajectory generation [32]. Related work
studies formal verification of LLM-generated code [33], while the GPT-4V system card documents multimodal-model
limitations and motivates independent validation rather than treating visual-model output as a verified plan [34]. Ping et
al. combine NL-to-STL learning with diagnosis and semantic repair [35]. These approaches improve traceability,
but formal syntax does not itself guarantee safe flight: grounding, dynamics, solver feasibility, and real-time
satisfaction remain separate obligations. The resulting design pattern is semantic reasoning followed by typed or
formal intermediate representations, deterministic verification, and geometric execution.

Across the cognition layer, four error classes recur. First, linguistic ambiguity can produce an internally
coherent but operationally wrong task graph. Second, semantic grounding can select the correct object class but the
wrong instance or coordinate. Third, memory can preserve stale observations after the target, weather, or neighboring
vehicles have changed. Fourth, a correct symbolic specification can still be infeasible for the current dynamics or
actuator limits. Robust systems therefore need provenance, confidence calibration, explicit timestamps, geometric
consistency checks, and reject/repair behavior at each interface. Evaluations should inject paraphrases, distractor
objects, map perturbations, pose drift, observation delay, and contradictory instructions rather than reporting only
average success on clean episodes.

4. Embodied Navigation and End-to-End Control: From Decoupled Planning to Safe Closed-Loop

Semantic goals must ultimately become dynamically feasible control commands. Two routes dominate:
decoupled semantic—geometric pipelines and end-to-end VLA policies. Figure 3 shows the required asynchronous
loop and independent runtime-assurance path.

LLM-UAV Closed-Loop Semantic Interaction and Safety Pipeline
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Figure 3. Closed-loop semantic interaction and runtime-safety pipeline. High-level semantic proposals are checked
for grounding, freshness, communication validity, feasibility, and safety before execution; invalid or stale proposals

are rejected, replanned, or redirected to local fallback.

4.1. Decoupled Semantic and Geometric Planning

FlyO constrains the MLLM to low-frequency structured grounding, lifts accepted regions into uncertainty-aware
world-frame anchors, and delegates high-rate LiDAR planning and PX4 control (open-source autopilot firmware,
https://px4.io) to deterministic onboard modules [36]; a related safe-planning system combines detection, tracking,
prediction, and B-spline trajectory generation [37]. The separation supports explicit checks and fallback but creates
fragile interfaces at calibration, depth, pose, and clock synchronization. SoraNav switches between VLM reasoning
and geometry-driven exploration when semantic navigation becomes unreliable [38]. ViSA adds structured visual
prompting and verification [39]: on CityNav Test-Unseen, SR rises from 21.20% to 36.11%, a 14.91-percentage-point
(70.3% relative) improvement. Relative and absolute gains must not be conflated.
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4.2. End-to-End VLA Control

Aerial VLA maps dual-view images and language to 3-DoF commands and landing decisions [40]; AutoFly
adds pseudo-depth features and progressive multimodal/action training for outdoor velocity control [41]. Diffusion
policies can model multimodal action sequences [42], while RT-1-style action tokenization links discrete semantics and
physical quantities [43]. GRaD-Nav++ combines CLIP, a compact MoE policy, differentiable dynamics, and 3DGS
simulation [44]; nominal policy steps are about 30 ms, periodic CLIP updates exceed 120 ms, the stack runs at 25 Hz,
and trained/unseen SR drops from 83%/75% in simulation to 67%/50% on real hardware. VLA-AN reports an 8.3 x
throughput increase and a 98.1% maximum on one object-navigation task, not an aggregate cross-task success rate [45].
End-to-end policies reduce interfaces but remain difficult to verify under OOD perception and dynamics.

4.3. Cross-Scenario Architecture Trade-offs

The decoupled and end-to-end routes should be compared by failure containment rather than by a single
success rate. Decoupled systems expose intermediate targets, maps, trajectories, and constraint violations, enabling
module-level diagnostics and replacement. They are attractive for long-range inspection, search, and regulated
operations in which target coordinates and trajectories must be audited. Their main weaknesses are interface
accumulation, asynchronous state mismatch, calibration dependence, and repeated perception/planning cost. A
semantic output can be plausible in image space yet infeasible after 3D back-projection, and a safe geometric
trajectory can become stale while the model is reasoning.

End-to-end VLA policies amortize perception and action selection and can exploit task-specific visual-motor
correlations that are difficult to model explicitly. They are promising for short-horizon reactive flight and compact
onboard execution, especially when training data represent the deployment distribution. Their failures are less
localized: action errors may arise from language, visual representation, dynamics, action discretization, or training
imbalance, and confidence estimates are not automatically calibrated for physical risk. Sim2Real loss is therefore
not a single domain-gap number; it can originate at sensing, rendering, vehicle dynamics, actuator response,
communication, or hardware timing.

A fair cross-scenario comparison should report at least four layers. The semantic layer reports instruc-
tion/grounding accuracy and reasoning latency; the planning layer reports feasibility, path quality, replanning, and
stale-plan rejection; the control layer reports update rate, tracking error, minimum separation, intervention, and
fallback; and the deployment layer reports model partition, memory, board power, link conditions, and real-flight
evidence. Decoupled and VLA systems may then be compared on a shared mission and hardware profile, but
heterogeneous published values should remain an evidence inventory rather than a league table.

4.4. Safety Constraint Embedding: Hard Constraints, Learned Safety, and Runtime Assurance

The high-speed motion of UAVs in three-dimensional space makes safety a closed-loop property rather than an
endpoint metric. A planner can produce a semantically plausible route that is nevertheless dynamically infeasible,
stale, or unsafe under state-estimation error. The literature therefore spans four related but non-equivalent paradigms:
hard control-theoretic constraints, reward-shaped learning, constrained reinforcement learning, and hybrid runtime
shielding. Table 2 summarizes their guarantee scope and characteristic failure modes. Trade-offs among safety
paradigms are discussed below.

Hard-constrained safety. For a control-affine system x = f(x) + ¢g(x)u, a control barrier function (CBF)
defines a safe set C = {x : h(x) > 0} and imposes

Lih(x) + Lyh(x)u > —a(h(x)), (1

where L¢h and Lyh denote the Lie derivatives of h along f and g, respectively, and a(-) is an extended class-K
function. When the model, state estimate, input bounds, relative-degree assumptions, and numerical solution are
valid, satisfying (1) yields forward invariance of the encoded safe set [46]. In LLM/VLM-enabled UAV systems,
ASMA embeds a scene-aware CBF into MPC, while SAGE-LLM applies fuzzy-CBF verification to LLM-proposed
decisions [47,48]. The principal advantage is an explicit admissible-action set and an auditable intervention. The
guarantee is nevertheless conditional: perception error can define the wrong obstacle geometry, model mismatch
can invalidate the derivative condition, actuator saturation can make the quadratic program infeasible, and delayed
updates can allow the physical state to cross the assumed boundary before the next filter step.

https://doi.org/10.53941/ic.2026.100011 6 of 18


https://doi.org/10.53941/ic.2026.100011

Wang and Zhang

Intell. Control 2026, 2(3), 4

Table 2. Safety paradigms for learning-enabled UAV control. Guarantee statements are conditional on each method’s assumptions and should not be compared as a single cross-paper scalar.

Paradigm Safety Encoding Guarantee Scope Main Strengths Characteristic Failure Modes Recommended Role
. . . Perception/model error;
Forward invariance or recursive lative-d smatch
relative-degree mismatch; . .
CBEF/MPC hard State/action inequality and feasibility when the model, state,  Explicit veto, interpretable & Final action filter and

filter [46,47]

Reward-shaped
DRL/VLA [49,50]

Constrained RL [51]

Semantically
adaptive hybrid
[32,35,48]

actuator constraints

Collision, proximity, smoothness,
and task terms in a scalar
objective

Expected cumulative cost
constraint separate from reward

Bounded semantic parameters
instantiate CBF/MPC/STL
constraints

bounds, and solver assumptions
hold

Empirical risk reduction on the
training/evaluation distribution;
no hard state-wise guarantee

Near-constraint satisfaction under
algorithmic and approximation
assumptions; generally not
per-state invariance

Inherits only the guarantee of the
deterministic verifier after
grounding, freshness, and
feasibility checks

margin, real-time optimization

Flexible behavior, implicit
dynamics adaptation, fast policy
execution

Separates performance from
safety cost and reduces penalty
tuning ambiguity

Context-sensitive margins with
explicit provenance and fallback

conflicting constraints; actuator
saturation; solver delay or
infeasibility

Reward hacking; weight
sensitivity; sparse hazard
coverage; OOD failure; unsafe
exploration

Distribution mismatch;
function-approximation error;
average-cost compliance can hide
rare severe events

Hallucinated labels; ambiguous
language; stale context; unsafe
parameter expansion if bounds
are not enforced

emergency envelope

Nominal proposal policy inside
a verified envelope

Training-time risk control
combined with runtime
shielding

Preferred architecture for
LLM/VLA-enabled
safety-critical autonomy
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UAV-VLRR Iillustrates a related decoupled design in which multimodal reasoning supplies target and obstacle
coordinates to an NMPC controller [52]. Its multimodal subsystem runs remotely on an RTX 4090/i9 server (NVIDIA
& Intel hardware) , whereas an Orange Pi 5 (Shenzhen Xunlong) executes NMPC onboard. The source reports mission
times of 28 s and 30 s in two indoor scenarios, but not standalone semantic-inference latency or power. Consequently, the
result demonstrates rapid execution under that protocol, not fully onboard multimodal assurance; coordinate-conversion
error, server unavailability, and stale world-state estimates remain relevant failure modes.

Reward-shaped and constrained learning. Reward-shaped DRL internalizes safety through penalties such as
collision cost, near-obstacle potential, control smoothness, and progress:

Ry = wleoal + w2Rp0tentia1 @)

— w3Ccollision — w4||ut — U ||2

This formulation is flexible and can absorb unknown dynamics, but a finite penalty does not make a state unreachable.
The learned policy may trade a rare collision against accumulated reward, exploit an unintended reward shortcut, or
fail under distribution shift [49]. Constrained policy optimization provides a stronger intermediate formulation by
optimizing reward subject to expected cost constraints and deriving near-constraint-satisfaction guarantees during policy
updates [51]. These guarantees are valuable but differ from per-state forward invariance: they depend on the constrained
Markov decision process, approximation quality, and training distribution. Outdoor DRL evaluations based on privileged
learning and domain randomization have accumulated more than 650 m across multiple field trials, but this should not
be interpreted as a single uninterrupted 650 m mission or as proof of worst-case safety [50].

Operational definition of semantically adaptive safety certificates. We use this phrase as a proposed system
concept rather than an established certification term. A semantically adaptive safety certificate is a timestamped,
runtime-verifiable object that maps grounded instruction, scene, and mission context to bounded parameters of a
CBF, MPC constraint, or temporal-logic specification. Examples include increasing stand-off distance near people,
instantiating a no-fly region from a verified map label, or tightening landing-surface constraints under low confidence.
The generative model may propose semantic labels or candidate margins, but it must not directly expand the admissible set.
A deterministic monitor checks provenance, confidence, parameter bounds, constraint feasibility, and freshness before
the certificate can modify the safety filter; otherwise, the system retains a conservative default or executes a fallback
behavior. Formal-language translation and repair mechanisms provide one pathway for converting natural-language
intent into machine-checkable specifications [32,35], while CBF-based filters provide a continuous-control enforcement
layer [47,48]. At present, this concept remains a system-level design paradigm; full end-to-end validation on physical
UAV hardware under complex, safety-critical aerial scenarios requires further research.

The most defensible architecture is therefore hierarchical: an LLM/VLA policy proposes a task or action;
a grounded semantic module instantiates only bounded safety parameters; a CBF/MPC/STL monitor accepts,
repairs, or rejects the proposal; and a high-rate controller executes the verified command. This design preserves the
adaptability of learned policies while keeping the final authority in a deterministic runtime-assurance layer. It also
makes failure attribution clearer: semantic misgrounding affects certificate parameters, model mismatch affects the
control guarantee, and infeasibility triggers an explicit degraded mode rather than an unobserved policy failure.

4.5. Perception-Computation Joint Adaptation and Dynamic Slimming

The real-time operation of end-to-end VLA and safety controllers heavily depends on onboard computational
resources. CADENCE closes the loop between a dynamically slimmable monocular-depth-estimation (MDE) network
and a navigation policy: the policy jointly outputs the motion action and the MDE slimming factor, including a zero-
perception mode [53]. On its Jetson Orin Nano (NVIDIA Corporation, Santa Clara, CA, USA) hardware-in-the-loop
testbed with Microsoft AirSim (v1.8.1) , the individual MDE configurations span 6.0-117.1 ms inference latency
and 4.788-18.351 W board-level power. Relative to the static baseline used in the source study, the adaptive system
reduces sensor acquisitions by 9.67%, inference latency by 74.8%, power consumption by 16.1%, and computing
energy by 75.0%, while increasing navigation accuracy by 7.43%. These are HIL and board-benchmark results, not
measurements of total propulsion energy or unrestricted outdoor flight. The evidence therefore supports context-aware
perception—computation co-adaptation, while also illustrating why latency and power must be reported with their
measurement boundary and validation setting.

To compare the core methods discussed in this section without conflating incompatible measurements, Table 3
summarizes architectural characteristics and Table 4 separates semantic/policy latency, control frequency, board
power, task-level outcomes, hardware partition, and validation setting. The entries reproduce values explicitly
reported by each source; N/R denotes not reported. Because the studies use different tasks, hardware, action rates,
and measurement boundaries, the table is an evidence inventory rather than a cross-platform ranking.
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Table 3. Comparison of core algorithms and task characteristics.
Category Ref. Inputs Outputs Scenarios Core Innovations Limitations/Gap
. 36 )3 ] . . s
Sema{ltlc Fly0 [36], GeoﬂNav [28], RGB, Text, Landmark priors 3D Waypoints, STL specs Urban/Indoor long-range Decoupled semaqtlc/geometrlc Rely on' high-precision
Planning VernaCopter [32] & formal constraints pose/prior maps
End-to-E Aerial VLA [40], AutoFly [41 Di ing, Diffusi D is h
nd-to-End era [40], AutoFly [41], Dual-view RGB, Pseudo-depth ~ Continuous vel., Motor RPM Outdoor/Racing/Avoidance 1r.ect mapping, Liusion 00 corllservatlsm, weather
VLA GRaD-Nav++ [44] policy, Zero-shot degradation

ASMA [47], UAV-VLRR [52],

f 1
Safety Contro DRL-Nav [49]

RGB-D, Language, Depth

MPC trajectories, CBF constraints

Dynamic obstacles, Search &
Rescue

Scene-aware CBF, Semantic
NMPC

Unmodeled aerodynamic
dist., High compute demand

Dynamic CADENCE [53], .. . . .. Perception-compute joint Textureless degradation,
Adaptive Vision-Guided Flight [50] Monocular RGB, Stereo vision  Adaptation factor, Velocity cmds Resource-limited/Outdoor optimization Domain gap
Table 4. Evidence-aware comparison of runtime, resources, task outcomes, and deployment settings.
Reported Inference Control  Board
Method Model/Compute Partition p r frierence or Platform r oar Reported Task-Level Evidence  Validation Setting
Policy Latency Rate Power
Versus static baseline: —74.8%
Sli ble MDE + joint Mi ft AirSim +
CADENCE 1n.1ma. ¢ ._]011’1 MDE: 6.0-117.1 ms across . 4.788- latency, —16.1% power, —75.0% oSOt AtrSim
_ navigation/adaptation DQN; onboard . Jetson Orin Nano N/R HIL; board-level
[53] widths 18.351 W compute energy, +7.43%
HIL compute L benchmark
navigation accuracy
Simulati si sed Simulati full
Shared-perception dual-agent VLM; Decision: 0.81 s; monitoring:  Jetson Orin NX fmuration suceess merease fmuiation + fufly
OnFly [25] . . N/R N/R from 26.4% to 67.8%; four onboard
fully onboard 1.15 s with hybrid memory 16 GB . . .
onboard real-flight tasks indoor/outdoor flights
Patrol: 150 s/lap; caption/acti s
Patrol Agent  Florence-2-base + YOLOv8n onboard;  Complete loop ~3—4 Hz; Processor N/R; N/R N/R 62 rl(())O] /39 2731) catp(;o ac lllon UE4/AirSim
. . ; gated search: . .
[54] Qwen2-72B cloud image acquisition ~100 ms cloud API ° 8 simulation only
45s,~0.3 GB
GRaD- CLIP ViT-B/32 (150M) + CENet (0.5M)  Policy step ~30 ms; >120ms  Jetson Orin Nano; 25 H N/R (curve SR trained/unseen: simulation 3DGS/DiffRL
zZ
Nav++ [44]  + MoE policy (1M); fully onboard when CLIP runs every 10 steps  ~6 GB memory only) 83%/75%; real 67%/50% simulation + real UAV
Indoor real flight with
RTX 4090 + 19 A task-ti duction:
UAV-VLRR  Remote ChatGPT-40 + 4-bit Semantic and NMPC latency server: Oran le Pi 5 N/R N/R 33ve7r;1§e :sa tlom'elc:f su: é(z]n . Vicon motion capture
ver; i . vs autopilot, 54.6% v
[52] Molmo-7B-D; onboard NMPC N/R; task time 28/30 s g ¢ P ¢ system; remote

onboard

human pilot

semantic inference

N/R means that the source paper does not explicitly report a numerical value. Latency scopes differ across rows (MDE forward pass, VLM agent step, policy step, or end-to-end task time); board power excludes propulsion power
unless explicitly stated. Values are therefore not directly rank-comparable.
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5. Multi-Agent Collaboration, Lightweight Deployment, and Benchmark Evaluation

Multi-UAV autonomy adds coordination and communication dependencies to the single-vehicle compute and
safety problem. The key questions are whether collaboration is truly decentralized, which functions remain safe
during link loss, and how resource and benchmark claims are measured.

5.1. Distributed Reasoning and Swarm Coordination

SwarmGPT combines language-generated choreography with an optimization safety filter [55]; its 200-drone
evidence is simulated, whereas the 20-drone demonstration uses a central base station, Vicon, 10-Hz broadcasts,
and precomputed trajectories. RALLY combines LLM priors with online role-adaptive MARL [56]. SwarmChain
distributes LLM inference across resource-constrained nodes and schedules load using battery, compute, and link
state [57], but synchronization remains a control-rate bottleneck. VULCAN fuses RGB-D, thermal, and radar
sensing with VLM-based global planning for simulated indoor-fire response [58]. LLM-to-MARL distillation has
also been explored for UAV relay-network allocation [59]. These studies progress from language orchestration to
distributed inference and multimodal risk awareness, but robust operation under topology change and partition
remains largely unresolved.

5.2. Onboard Lightweighting and Edge—Cloud Architecture

Patrol Agent provides a concrete but simulation-only edge—cloud example [54]. Florence-2-base (0.23B
parameters) and YOLOv8n (3.2M parameters) run on board, while Qwen2-72B is accessed through a cloud API;
the paper does not identify the onboard processor or report power. In its UE4/AirSim (Unreal Engine 4 by Epic
Games; AirSim by Microsoft) simulation-only study, image acquisition through simGet Images takes about 100
ms and the complete perception—reasoning loop operates at approximately 3—4 Hz. Relative to a Qwen-VL-Max
VQA baseline, Patrol Agent reduces one patrol lap from 208 to 150 s and reports caption/action correctness of
66.10%/89.47% versus 24.13%/36.67%. For target search, activating Florence-2 only after YOLO detects a person
reduces search time from 64 to 45 s and reported graphics-memory use from about 4.5 to 0.3 GB. These results
demonstrate conditional model activation and cloud reasoning, but they should not be interpreted as real-flight
latency, power, or Sim2Real evidence.

Reported “real-time” performance is branch- and platform-specific: CADENCE measures slimmable depth inference
on a Jetson Orin Nano HIL setup [53]; OnFly reports 0.81 s decision and 1.15 s monitoring steps on an Orin NX [25];
GRaD-Nav++ combines mostly 30 ms policy steps with slower periodic CLIP updates [44]. A defensible architecture
retains estimation, stabilization, braking, and fallback onboard; uses edge resources for optional accelerated perception or
map fusion; and reserves cloud models for lower-rate semantic services [60]. Complementary 2024 robotics and edge-Al
work provides reusable efficiency baselines: OpenVLA supports low-rank adaptation and quantized serving, TinyVLA
uses compact multimodal backbones with a diffusion action decoder, and Edge-LLM jointly allocates pruning sparsity and
quantization bit width for resource-constrained adaptation [61-63]. UAV-specific quantization [64] targets local resource
use; long-context models such as Gemini 1.5 [65] motivate selective context and cache management but do not by
themselves demonstrate efficient onboard UAV inference; and spatial-semantic scene graphs [66] reduce repeated
dense processing by retaining task-relevant structure. However, evaluations must report target-hardware accuracy,
latency distributions, memory, board power, thermal behavior, and behavior when the large model is unavailable.
Ground-robot or generic edge-model results should be treated as transferable techniques, not as UAV flight evidence.

Static model size is therefore an incomplete lightweighting metric. A small model that is invoked continuously,
transmits raw images, or triggers thermal throttling may consume more mission energy than a larger model called
selectively. Useful reporting includes cold/warm latency, percentile rather than mean timing, peak memory, accepted-
action energy, sensor and serialization cost, throttling onset, and recovery after overload. The minimum safe configuration
should remain operational when edge/cloud services fail; optional semantic capability may degrade, but stabilization,
geofencing, obstacle avoidance, and safe termination must not depend on a successful remote response.

5.3. Communication-Aware Offloading, Cybersecurity, and Privacy

A cloud result should be a timestamped advisory, with action age A = texec — tobs rejected when it exceeds
a validated deadline or the underlying state changes materially. A practical mode machine includes connected,
degraded, partitioned, and recovery states; evaluation should report payload/update rate, delay and jitter, loss, outage
duration, topology, retransmission, and stale-state behavior [59,67].

Communication-aware planning should jointly select motion and information actions. A vehicle may climb
or reposition to restore a relay, postpone a low-priority semantic query, transmit a compact hazard update before
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redundant imagery, or allocate a task to a neighbor with fresher state. In degraded mode, event-triggered summaries
and local intent are preferable to continuous video; in partitioned mode, each UAV requires a bounded local objective,
independent collision avoidance, and a termination condition. Recovery is not an immediate return to cloud authority:
maps, task ownership, command sequence, and safety-relevant state must first be reconciled to prevent duplicated
tasks or conflicting trajectories.

For swarm claims, logical decentralization should be distinguished from experimental infrastructure. A
distributed optimizer or policy can still rely on centralized motion capture, synchronization, task generation, or
trajectory broadcast. Reports should state which decisions are computed onboard, which global information is
assumed, how neighbor loss is handled, and whether the demonstrated scale is simulation or physical. Performance-
versus-bandwidth and performance-versus-outage curves are more informative than a single nominal-link result.

The threat surface spans prompts, multimodal observations, tool interfaces, radio links, cloud services, and
collaborative learning. SafeEmbodAl motivates typed outputs, state checks, retry limits, and mission termination under
malicious commands [68]; physical VLA evaluations expose OOD, typography, and adversarial-patch sensitivity [69].
Net-GPT demonstrates protocol-aware UAV-link attacks [70]. MAVLink 2 signing authenticates source and freshness
but does not encrypt payloads [71], and GPS timestamp manipulation can undermine its assumptions [72]. Federated
learning reduces raw-data transfer but remains vulnerable to gradient reconstruction [73] and poisoned updates; TASER
provides one lightweight simulated defense direction [74]. Table 5 maps these failures to layered controls and
residual risk.

Because hardware, workloads, measurement boundaries, and communication conditions differ, the literature
does not support a universal Pareto frontier over model size, latency, power, OOD accuracy, and link reliability.
Matched workloads or an explicit normalization protocol are required.

5.4. Benchmarks and Process-Oriented Metrics

Endpoint metrics such as NE, SR, OSR, and SPL do not reveal whether an agent reproduced a required multi-stage
trajectory, collided, missed a deadline, or depended on offboard compute. The verified benchmark facts, summarized in
Table 6, are as follows: OpenFly contains 100K trajectories in 18 scenes; its 16.6%—34.3% change is a test-seen ablation,
not an unseen-scene gain [75]. AirNav currently contains 137K samples and uses fixed-altitude Tello experiments with
offboard inference [76]. OccuFly provides nine scenes and more than 20K samples, with <10% referring to manually
annotated source images [77]. SkyFind contains 1,015,638 target—expression pairs and no verified audio modality [78].

A unified evaluation record should group metrics into five families. Task metrics include SR and task-specific
accuracy; efficiency metrics include SPL, path length, time, and energy; process metrics include TCR, subgoal
completion, intervention, and replanning; safety metrics include collision rate, minimum separation, constraint
violation, and fallback success; deployment metrics include latency distributions, frequency, memory, power,
communication load, and thermal behavior. Sim2Real evidence should additionally state simulator, randomization,
calibration, vehicle, payload, environment, wind/lighting, localization infrastructure, number of trials, and whether
inference is onboard.

No single composite score should silently combine these families. For example, CSPL makes collision-free path
efficiency visible but does not capture missed inspection coverage, communication dependence, or compute overruns.
Conversely, a high TCR can coexist with terminal failure. Papers should publish the component metrics and confidence
intervals where repeated trials are available, together with failure categories rather than only mean success.

HUGE-Bench defines trajectory coverage from d; = mingepprea ||p; — q|2 as

N
1
TCR@TZEVE:M@fZﬂ, re{l1,2,5}m, 3)

=1

and collision-aware path efficiency as

CSPL = S(1 - C) 4)

max (¢, p)’
where S is terminal success, C' indicates any collision, and ¢, p are reference and executed path lengths [79]. These
metrics expose process failures hidden by SR. PiLoT reports >25 FPS on Jetson Orin and about 1.37 m mean error
over a field sequence exceeding 10 km, but these are localization-pipeline results [80]. Bearing-UAV addresses
vision-only position/heading estimation [81]; Isaac Lab (NVIDIA) supports scalable simulation [82], yet Sim2Real
claims still require real-hardware disturbances and failure statistics.
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Source

Physical Failure Chain

Detection Evidence

Layered Controls

Residual Limitation

Hallucination/tool
error/misgrounding [68]

Prompt/visual injection, patch,
OO0OD [69]

MITM, spoofing, replay, clock
attack [70-72]

Loss, jitter, or partition [59,67]

Gradient leakage/poisoning
[73,74]

False object/coordinate — invalid
waypoint/mode — collision or mission
loss

Observation changes goal/action
distribution

Corrupted telemetry/command reaches
planner or actuator

Stale cloud/neighbor state causes delayed
or conflicting motion

Private data reconstructed or backdoor
propagated

Schema, map/depth disagreement,
reachability, confidence, repeated repair

Cross-sensor/action inconsistency; OOD
or patch indicators

Signature, age, or sequence failure;
impossible kinematics; clock disagreement
Action age; heartbeat, queue, topology, or
map-age indicators

Update anomaly, validation drift, trigger
behavior, provenance gap

Typed actions; coordinate, reachability, geofence, and
CBF/MPC checks; retry cap; fallback

Trusted instruction channel; provenance; redundant
perception; adversarial tests; bounded semantic
authority

Signing plus encrypted tunnel; secure keys;
independent time; allowlists; state consistency
Deadline-aware offload; compressed events; stale
rejection; local avoidance; partition/recovery modes
Secure aggregation; clipping/DP; robust aggregation;
signed versions; tests and rollback

Plausible but wrong grounding may pass;
fallback conditions also require validation.

Detectors can be evaded or reject rare
valid scenes.

Signing is not encryption; compromised
keys/endpoints remain.

Local safety may sacrifice global
coordination or mission success.
Privacy-utility trade-off and
adaptive/colluding attackers.

Table 6. Representative UAV datasets, benchmarks, and evaluation protocols.

Resource Task Scale/Env. Metrics Transfer Evidence Interpretation Boundary
100K trajectories; 18 s s; UE, GTA V, 23 Q2 t sks; 1-P! test-s lation fi
OpenFly [75] Aerial VLN 00K trajectories; 18 scenes; UE, G f NE. SR, OSR. SPL : 3 Q250 outdoor tasks; external-PC Separate test-seen ablation from
Google Earth, 3DGS inference test-unseen; not fully onboard.
200 fixed-altitude Tello tasks; offboard Discrete pl ti d limited
AirNav [76] Real-data UAV VLN 137K samples; urban data; 10 personas NE, SR, OSR, SPL . xed-aftitude 10 tasks; ofiboar \screte planar actions anc umite
inference geography.
OccuFly [77] Aerial SSC/depth 9 real scenes; >20K samples; seasons/altitudes ~ IoU/mloU; depth errors Camera reconstruction and cross-season < 10% is manually annotated image
data fraction, not error.

SkyFind [78]
HUGE-Bench [79]

PiLoT [30]

Referring expressions
High-level VLA

Geo-localization

1,015,638 pairs; 35,599 images; 352,910 objects
4 real-scene digital twins; 8 tasks; 2.56M m

Pixel-to-3D registration; synthetic + real

Box localization

TCR, SR, CR, CSPL

Pose/target error, recall, FPS

Real imagery; maritime shift test
Collision-aware simulation

>25 FPS on Orin; >10 km sequence

Grounding only; not navigation, speech, or
control.

Static; no link impairment or physical-flight
validation.

Localization-pipeline, not end-to-end
navigation.
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5.5. Cross-Scenario Deployment Synthesis

The appropriate architecture depends on mission criticality, horizon, connectivity, and the cost of a wrong
semantic decision. Infrastructure inspection and corridor missions favor auditable work-order interpretation while
metric mapping, trajectory optimization, geofencing, and continuous control remain deterministic. Evidence should
emphasize coverage, revisit avoidance, grounding accuracy, localization dependence, timing, energy, and safe
recovery. In these settings, large models are better reserved for exception handling and mission replanning than
direct continuous control.

Search-and-rescue and disaster response require open-vocabulary grounding and dynamic task reprioritization,
but they also expose the largest semantic and communication uncertainty. Multimodal reasoning can identify
victims, hazards, and access routes, while local navigation must remain capable of operating under smoke, low
visibility, GNSS loss, or link partition. Evaluation should include false hazard/victim detections, delayed updates,
contradictory observations, sensor dropout, and whether a safe local behavior remains available when the semantic
service fails. A high endpoint success rate under stable connectivity is insufficient for this scenario.

Short-horizon agile flight can benefit most from compact end-to-end or hybrid VLA policies because visual—
motor correlations and fast reaction dominate long-form reasoning. Success should be reported with action rate,
percentile latency, tracking error, minimum separation, OOD conditions, and safety-filter intervention. For swarm
missions, semantic task allocation may be global while collision avoidance and partition behavior remain local.
Claims of scalability should separate simulated agent count, physically flown vehicles, centralized infrastructure,
and onboard decision authority.

Across scenarios, industrial practicability can be summarized by three gates. The functional gate asks whether
the architecture completes the mission on representative hardware and environments. The resilience gate asks
whether safety and bounded task behavior persist under sensor, compute, link, and model failures. The assurance gate
asks whether requirements, data/model versions, interfaces, monitors, tests, and operational changes are traceable.
An LLM-UAV system should not be described as deployment-ready when it passes only the first gate.

6. Research Roadmap and Industrialization Path

The evidence points to four coupled transitions summarized in Table 7.

Table 7. Research roadmap and deployment gates for LLM—UAV systems.

Direction Technical Target Required Evidence Deployment Gate
Branch lat distributions,
Deterministic flight kernel, ranch fatency distributions . .
. . . memory, board power/energy, Stable collision-aware flight
Hierarchical compact onboard policy,

lightweight reasoning

Bounded semantic
adaptation

Communication-
aware autonomy

Assurance and secure
lifecycle

event-triggered escalation to
larger semantic models

Ground typed semantics into
pre-verified CBF/MPC/STL
parameter families; never
remove baseline constraints

Include link state,
information age, relay
availability, and
communication energy in
planning

Trace operational hazards to
requirements, data/model
versions, runtime
containment, cybersecurity,
and change control

thermal throttling,
escalation/rejection rate,
compression loss, recovery
Feasibility/intervention rate,
realized margin,
false-negative/false-positive
behavior, solver delay,
stale/contradictory-language tests

Performance versus
bandwidth/outage, payload/update
rate, loss/jitter, action age,
partition/recovery success

Coverage/provenance,
independent verification,
adversarial/security tests, rollback,
monitoring, authority-agreed
compliance evidence

when the largest model is
late, unavailable, or rejected.

Uncertain semantics only
tighten or retain the safe
envelope; deterministic
fallback handles
infeasibility.

Local safety and bounded
task behavior survive
network partition without
stale remote authority.

Safety-critical authority
expands only after
containment and degraded
modes are demonstrated.

A deployable hierarchy should keep state estimation, stabilization, actuator limits, emergency braking, and

geofencing in a deterministic onboard kernel; use a compact perception—action model for reactive flight; and invoke
larger semantic models only at keyframes, uncertainty triggers, or mission transitions. Quantization, pruning, distillation,
MOoE routing, token/keyframe reduction, cache compression, and early exit should be evaluated by mission-level energy,
thermal behavior, accepted-action latency, and graceful degradation—not parameter count alone.
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Semantically adaptive safety certificates should be bounded, timestamped instances of pre-verified CBF/MPC/STL
or reachability constraints. Grounded labels may tighten margins or select a constraint family, but a generative
model must not delete baseline constraints or expand a certified envelope. Evaluation should include infeasibility,
intervention, minimum separation, fallback success, and counterfactual perturbations of language, coordinates,
labels, confidence, and timestamps. Communication likewise belongs in the planning state: degraded links
require event-triggered summaries; partitions require local bounded objectives; reconnection requires state/intent
reconciliation before remote authority returns.

Industrial deployment should be framed as a lifecycle assurance case. ARP4754B/ED-79B structure aircraft/system
development [83, 84], while the active FAA AC 20-174 recognizes ARP4754A as an acceptable method, so the
certification basis must be agreed with the authority [85]. AC 20-115D recognizes DO-178C/ED-12C for airborne
software assurance [86]; these objectives suit deterministic kernels, monitors, interfaces, tools, and configuration
control but do not automatically certify an adaptive generative controller. EASA’s Al Roadmap 2.0 and AI Concept
Paper Issue 2 provide evolving learning-assurance and human—AI guidance [87,88]. DO-326B/ED-202B integrate
intentional electronic threats into the airworthiness-security process [89,90]. A credible near-term path therefore
confines LLM/VLM functions to advisory or bounded high-level roles and expands authority only with verified degraded
modes, cybersecurity, controlled updates, rollback, and authority-approved evidence.

A staged path makes this principle operational. Stage 1 permits language explanation, mission drafting,
and operator support while deterministic software retains all flight authority. Stage 2 permits typed targets, task
allocation, or waypoint proposals after independent grounding, freshness, feasibility, and safety checks. Stage 3
may permit bounded autonomous replanning only after evidence covers OOD conditions, compute/link loss,
monitor independence, fallback transitions, update security, and configuration change. Every model weight, adapter,
prompt template, quantization setting, dataset revision, and safety-monitor version must be configuration-controlled;
retraining or compression is a behavioral change that requires impact analysis rather than a routine software update.

The roadmap also implies a minimum reporting package for future prototypes: a functional architecture
and trust boundaries; branch-specific compute and communication measurements; explicit safety assumptions; a
failure-injection matrix; simulation, HIL, and real-flight separation; data/model provenance; and a statement of
which functions remain available after model, sensor, or link degradation. This evidence will make future surveys
and certification discussions more comparable than isolated endpoint scores.

7. Conclusions

This survey connects LLM-enabled UAV cognition with planning, control, swarm coordination, deployment,
safety, and evaluation. Its quantitative audit shows that semantic latency, control timing, frequency, board power,
task time, and Sim2Real evidence must remain separate; heterogeneous studies do not support universal thresholds
or a common Pareto ranking. Learned policies offer adaptation but remain vulnerable to misspecification and
distribution shift, whereas CBF/MPC/STL guarantees remain conditional on perception, dynamics, timing, input,
and solver assumptions.

We define a semantically adaptive safety certificate as a bounded, timestamped, runtime-verifiable constraint
parameterized by grounded semantics but enforced outside the generative model. The practical architecture
combines typed actions, deterministic validation, stale-command rejection, local fallback, and explicit con-
nected/degraded/partitioned/recovery modes. Industrialization requires lifecycle evidence linking hazards to
data/model provenance, configuration control, independent verification, cybersecurity, rollback, and in-service
monitoring. Because many 20242026 systems remain preprints, publication status and numerical claims must be
rechecked immediately before submission.
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