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ABSTRACT Autonomous drones in complex urban wind environments must balance speed, safety, and
energy efficiency under highly variable conditions. Traditional single-policy reinforcement learning con-
trollers often perform poorly when exposed to scenarios beyond their training. We introduce a Pareto-optimal
multi-mode framework that trains three specialized unmanned aerial vehicle (UAV) policies (aggressive,
balanced, and cautious) via proximal policy optimization (PPO) with specific reward scalings, yielding
controllers that collectively span the speed-safety-energy trade-off surface. To automate mode selection,
we fine-tune a large language model (LLM) on 30,000 simulation-derived environment-performance tuples,
allowing it to predict the optimal policy from building density, wind speed and orientation, battery state,
and recent flight history. In a Unity-based Manhattan simulation with computational fluid dynamics (CFD)
wind fields across four headings and 10 speed levels, the LLM-driven decision maker reduces average
flight time by 16%, lowers the collision rate by 50%, and saves 18% energy compared to any single mode,
while preserving nondominated trade-off performance. The decision maker also generalizes to unseen wind
patterns and layouts without handcrafted heuristics, demonstrating the promise of combining Pareto-optimal
reinforcement learning (RL) with LLM-based meta-decision making for UAV autonomy.

INDEX TERMS Autonomous drone, large language model, meta-decision making, pareto optimality,
reinforcement learning, urban wind simulation.

I. INTRODUCTION

Unmanned aerial vehicles (UAVs), commonly known as
drones, have undergone extraordinary transformations over
the past decade. Evolving from rudimentary, ground-
controlled platforms, the current sophisticated autonomous
drone system is capable of dynamic decision-making in
complex real-world environments, which has been applied
in agriculture, disaster management, and the construction
industry [1], [2], [3]. Early applications of UAVs were
confined to military reconnaissance and aerial photography,
but rapid advancements in microelectromechanical systems
(MEMS) technology and inertial navigation have broadened
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their utility across commercial, scientific, and recreational
domains [4]. The integration of high-precision GPS, visual-
inertial odometry, and simultaneous localization and map-
ping (SLAM) algorithms has enabled drones to maintain
stable flight paths and navigate unfamiliar areas without
human intervention. Advances in lightweight composite
materials, brushless electric propulsion, and high-density
lithium-polymer batteries have dramatically extended flight
endurance from mere minutes to well over an hour in
specialized platforms [5]. Concurrently, breakthroughs in
miniaturized sensor suites, including high-resolution LiDAR,
time-of-flight depth cameras, multispectral and thermal
imagers, and advanced inertial measurement units, provide
rich environmental feedback for real-time obstacle detection,
terrain mapping, and aerial surveying [6], [7], [8]. At the
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same time, the proliferation of compact Al accelerators,
field-programmable gate arrays (FPGAs), and multicore
embedded processors has brought machine learning inference
on board, enabling complex perception and control loops
to execute within tight latency constraints. Machine learn-
ing techniques, most notably reinforcement learning (RL),
have capitalized on these hardware innovations, framing
flight control as a sequential decision-making problem and
leveraging physics-based simulators and digital twins to dis-
cover robust control policies [9]. Landmark successes, such
as RL-based obstacle avoidance in cluttered environments,
wind-aware trajectory planning in turbulent conditions, and
zero-shot sim-to-real transfers for agile maneuvers, have
validated the promise of end-to-end learning approaches and
driven further interest in RL for UAV autonomy. While these
advances have dramatically expanded UAV capabilities, they
also highlight persistent weaknesses of monolithic controllers
in dynamic urban conditions, motivating a new approach.

Despite this remarkable progress, most reinforcement
learning-driven UAV controllers remain trained as single,
generalized policies intended to perform across a wide range
of conditions [10]. While capable of demonstrating impres-
sive results within their training distribution, such monolithic
controllers often exhibit brittle behavior when environmen-
tal parameters deviate from those encountered during train-
ing. Domain shift, such as varying air densities at differ-
ent altitudes, can lead to dramatic performance degradation,
control oscillations, or mission failure. The reliance on a
single reward function to encode multiple objectives (e.g.,
speed, stability, and energy efficiency) forces practitioners to
engage in extensive reward shaping and hyperparameter tun-
ing, yet still sacrifices context-specific adaptability. Further,
standard RL benchmarks for UAVs typically evaluate poli-
cies in static, well-defined scenarios, offering limited insight
into real-world uncertainties such as sensor noise, varying
wind, and dynamic obstacles. As a result, even state-of-the-
art RL policies may struggle with generalization and robust-
ness when deployed beyond simulated environments. Beyond
purely technical limitations, the lack of explicit behavioral
modes complicates human-drone interaction: operators can-
not predict whether a single-mode agent will prioritize speed
over safety in cluttered urban settings or stability under tur-
bulent winds, eroding trust. Regulatory bodies such as the
Federal Aviation Administration (FAA) and European Union
Aviation Safety Agency (EASA) have noted that opaque,
single-mode autonomy poses challenges for certification and
airworthiness assessments, which demand demonstrable reli-
ability across operational niches [11], [12].

In this work, we propose a multi-mode reinforcement
learning architecture for autonomous drone navigation,
leveraging a large language model (LLM) as the central
decision-making agent for runtime mode selection. Specifi-
cally, we train three specialized RL policies: cautious, bal-
anced, and aggressive, and combine them at runtime to
form a Pareto-optimal solution across speed, safety, and
energy-efficiency trade-offs under varying environmental
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conditions. The cautious policy maximizes stability and
collision avoidance in obstacle-rich or turbulent scenarios,
sacrificing speed when necessary. The aggressive policy,
by contrast, emphasizes swift traversal and energy efficiency
in low-risk settings. The balanced policy offers an intermedi-
ate trade-off between safety and performance. To coordinate
these policies, we design an on-board LLM-based module
that processes real-time sensor inputs, such as wind magni-
tude and direction, obstacle density metrics from depth cam-
eras, and mission parameters, and generates a mode-selection
decision at each time step. The LLM is trained via super-
vised fine-tuning on simulated flight logs labeled with the
optimal policy under corresponding conditions, enabling it
to infer the best-suited mode dynamically. This approach
removes reliance on manual thresholding or handcrafted
heuristics, allowing the decision maker to generalize across a
wide range of unseen scenarios. We implement and evaluate
our framework in a Unity-based simulation environment
enhanced with urban computational fluid dynamics (CFD)
wind models, variable building densities, and sensor noise
profiles to approximate real-world uncertainties. Experimen-
tal results demonstrate that our LLM-driven multi-mode
system achieves significant improvements over single-policy
baselines: up to 16% reduction in average flight time, 50%
decrease in collision incidents, and 18% energy savings.
Moreover, the LLM decision maker exhibits robust gener-
alization, successfully adapting to novel wind profiles and
obstacle configurations without additional retraining. The
main contributions of this paper are: 1. A Pareto-optimal
multi-mode reinforcement learning framework for UAV nav-
igation, integrating three specialized RL policies for distinct
performance objectives. 2. An LLM-based decision-making
module for context-aware mode selection, trained through
supervised fine-tuning on simulated flight data. 3. A high-
fidelity Unity simulation platform with urban CFD wind
modeling for comprehensive policy training and evaluation.

II. LITERATURE REVIEW

A. REINFORCEMENT LEARNING FOR UAV NAVIGATION
Classical UAV controllers, which include PID, LQR,
and MPC, have long provided reliable performance in
well-understood operating envelopes [13]. However, these
classical controllers face challenges in complex, unstruc-
tured, or highly stochastic scenarios. They rely on precise
tuning of gains or cost weights, struggle to incorporate
high-dimensional sensor inputs directly, and require human
intervention to adapt to new payloads or evolving envi-
ronmental conditions. In contrast, reinforcement learning
formulates control as a sequential decision-making problem,
using trial-and-error interaction to discover policies that map
raw data directly to control commands [14]. Rather than
depending on an explicit aerodynamic model, RL-based
controllers learn to exploit nonlinear dynamics and adapt to
unmodeled disturbances, enabling performance surpassing
hand-tuned controllers operating in novel or highly variable
environments.
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The literature has extensively explored the promise of
RL for UAV navigation, demonstrating its ability to learn
end-to-end perception-to-action mappings, optimize multiple
objectives simultaneously, and generalize across uncertain
conditions. Reinforcement learning methods leverage deep
networks to directly map raw, multi-modal observations to
control actions, eliminating the need for manual feature engi-
neering and hand-tuned gains. For example, convolutional
architectures process depth images or LiDAR point clouds
for obstacle avoidance, while recurrent modules handle
time-correlated IMU data, enabling unified perception and
control loops. To capitalize on these unified perception-action
mappings, recent studies have implemented end-to-end deep-
RL frameworks for UAV control. Cetin, et al. [15] applied
a Deep Q-Network-based DRL framework, using a Joint
Neural Network to fuse front-camera depth images with
scalar features for fully autonomous UAV navigation in a
simulated suburban environment with static and dynamic
obstacles. The results showed that multimodal input acceler-
ated training convergence and yielded near-perfect navigation
performance, achieving 100% success in two scenarios and
98% in a three-drone test. Akhloufi, et al. [16] implemented
a dual-framework integrating CNN-based deep reinforce-
ment learning to predict probabilistic control actions, iter-
atively guiding a follower UAV toward the target. They
found that this integrated approach enables accurate position-
ing and robust pursuit-evasion tracking performance using
only onboard vision data. Arshad, et al. [17] proposed a
data-driven deep CNN to preserve multi-level regional homo-
geneity and edge details in congested scenes. The network
merged these features to learn texture variations that dis-
criminated targets from background and avoided obstacles,
and generated steering angles and collision probabilities for
real-time UAV control. They validated the model on urban
vehicle and bicycle datasets and demonstrated strong gener-
alization and robust autonomous navigation performance in
dynamic environments. Fei, et al. [18] proposed FRDDM-
DQN, which combined an optimized Faster R-CNN for
obstacle extraction with a novel Data Deposit Mechanism
replay memory to improve Deep Q-Network training. They
evaluated the method in a 3D simulation and demonstrated
that it performs better in autonomous navigation and col-
lision avoidance. Tong, et al. [19] developed a distributed
DRL framework with two LSTM-based sub-networks, which
demonstrated faster convergence compared to end-to-end
networks. Moreover, integrating LSTM modules allowed the
framework to capture drifting obstacle movements effec-
tively, thereby enhancing UAV navigation safety in dynamic
environments.

Building on these perception-driven advances, recent
research has shifted toward designing composite reward
structures and multi-objective RL algorithms that balance
flight efficiency, energy consumption, and safety, ensur-
ing UAV controllers can meet diverse mission require-
ments under real-world constraints. Ramezani Dooraki and
Lee [20] developed a self-trained deep reinforcement learning
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controller that ingested depth and RGB images with multiple
reward signals to produce continuous 3-DoF actions for
autonomous UAV navigation in static and dynamic environ-
ments. Wu, et al. [21] introduced MONRL, a multi-objective
reinforcement learning algorithm with memory architecture
that learns safe path planning and wind compensation from
building-layout imagery, obviating aerodynamic sensors.
They validated it in a virtual New York City model, demon-
strating robust obstacle avoidance and wind adaptation. Song,
et al. [22] employed an evolutionary multi-objective RL
algorithm to tackle the trajectory control and task offloading
problem. Simulation results showed their method produced
superior Pareto-optimal policies compared to two other basic
evolutionary algorithms. Ramezani, et al. [23] developed a
reinforcement learning framework augmented with Analytic
Hierarchy Process and similarity-based experience replay
to optimize UAV trajectories for SAR missions, explicitly
balancing mission efficiency with human comfort and safety.
Millar, et al. [24] formulated a convex multi-objective path-
planning problem, which included maximizing data col-
lection and minimizing risk. They applied Bayesian-AHP
risk assessment, incorporating flight-time constraints and
safety, and introduced a low-complexity MORL algorithm
with convergence guarantees for efficient optimal movement
decisions. Zhang, et al. [25] developed a DRL-based multi-
objective path planning method for UAV-assisted sensor data
collection. They decomposed the problem into subproblems
solved via actor-critic and a modified pointer network to
maximize data gathered and minimize flight time, yielding
Pareto-optimal solutions with improved convergence, solu-
tion diversity, and robustness to changing sensor counts.

Although deep RL has enabled end-to-end control and
decision-making, most studies still optimize a single, mono-
lithic policy via a scalarized objective, which obscures inher-
ent multi-objective trade-offs and often proves brittle under
distribution shift across tasks, sensors, and environment
dynamics. Empirical evidence shows deep RL agents can
overfit training environments and underperform out of distri-
bution, raising concerns for deployment in urban winds with
sensor noise and clutter [10], [26], [27]. In multi-objective
settings, scalarization further obscures how weights shape
behavior, and most papers do not report systematic proce-
dures for choosing reward weights or validating them with
ablations [28]. This motivates a reproducible multi-objective
alternative that exposes the trade-offs explicitly and remains
robust across varying wind strengths/orientations and urban
densities.

B. MULTI-POLICY REINFORCEMENT LEARNING

The literature on multi-policy control for UAVs has
grown substantially, with research converging on two
main approaches: hierarchical option-based frameworks
and expert-ensemble models. These architectures promise
improved adaptability and safety by decomposing complex
navigation tasks into specialized modes or by blending mul-
tiple policies based on real-time conditions.
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Hierarchical reinforcement learning frameworks introduce
a top-level controller that selects among a set of lower-level
skills or “options,” each encoded as a temporally extended
policy [29]. Options comprise initiation sets, termination
criteria, and intra-option policies learned to accomplish
sub-tasks such as stabilized hovering, obstacle circumnaviga-
tion, or precision landing. By training the option-critic archi-
tecture jointly, agents automatically discover and refine use-
ful behaviors, reducing manual task decomposition efforts.
Liu, et al. [30] introduced a hierarchical deep reinforce-
ment learning framework for UAV navigation, leveraging a
multi-level policy architecture to decompose long-horizon
tasks into manageable sub-tasks, augmented by averaged
value estimation and temporal attention in recurrent net-
works. They demonstrated superior performance over DrQ
in realistic simulations and real-world tests. Ramezani and
Amiri Atashgah [31] proposed a hierarchical reinforcement
learning algorithm that integrates an LSTM-based battery
consumption predictor into a high-level controller for setting
energy-efficient goals and a low-level controller augmented
with hindsight experience replay to boost sample efficiency.
AlKhonaini, et al. [32] implemented a multi-level policy
network trained with the REINFORCE algorithm and an
entropy regularization term to extract and interpret RF signal
features for intruding UAV detection and identification. The
system achieved 99.7% detection accuracy, demonstrated
superior cumulative return, and reduced loss, establishing its
efficacy for RF-based UAV surveillance. Nguyen, et al. [33]
developed a deep hierarchical RL framework in which a UAV
acts as an aerial sheepdog, using a curriculum of DRL-trained
lessons to shepherd UGV swarms via hierarchical output
fusion. They validated the method in ROS-based simula-
tions and indoor trials, demonstrating sim-to-real and scale
generalization. While option hierarchies exploit temporal
abstraction, alternative methods blend multiple experts in par-
allel to handle diverse flight conditions. Mixture-of-Experts
architectures train several specialized expert networks, each
optimized for particular operating conditions, alongside a
gating network that dynamically weights expert outputs based
on current sensor inputs [34]. This soft selection enables
smooth interpolation between behaviors, avoiding abrupt
transitions that can destabilize the UAV. Blending experts
tuned for energy-efficient flight and high-speed traversal can
yield substantial improvements in energy consumption.

To further increase adaptability, meta-learning techniques
have been employed so that the multi-policy system can
incorporate new modes or rapidly change its gating network
after a single or a few novel trials. Zhao, et al. [35] intro-
duced a meta-learning-enhanced multi-agent DDPG algo-
rithm that initializes networks via automatically weighted
MAML trajectories and employs a Reward-TD prioritized
replay mechanism for improved efficiency. They demon-
strated in UAV swarm scenarios that this approach sig-
nificantly boosts task success rate, average reward, and
robustness. Yel and Bezzo [36] presented a meta-learning
approach for UAV trajectory tracking that adapts at runtime
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to unseen actuator faults and external disturbances. The
method integrates runtime monitoring with data pruning and
feedback-based reference adjustment, all without modifying
the controller. O’Connell, et al. [37] proposed an online
composite adaptation method that treats deep neural network
outputs as basic functions for representing variable wind
conditions, optimized via meta-learning. This enabled fast
onboard updates by integrating the network-derived basis
functions into an adaptive control loop for UAVs. Eldeeb
and Alves [38] introduced a few-shot meta-offline RL algo-
rithm that integrates conservative Q-learning with MAML
to train UAV trajectory and scheduling offline, minimizing
age-of-information and transmission power without online
interaction. It converges faster than DQN and CQL, achieves
optimal Aol-power trade-offs from limited data, and adapts
resiliently to new environments. Soorki, et al. [39] developed
a UAV-assisted LoRa gateway control policy through deep
RL framed as a POMDP and a deep meta-RL extension that
adapts using prior SAR experiences. In campus, plane, and
canyon tests, meta-RL reduced SAR time slots by over 65%
and decreased UAV energy consumption significantly against
baseline RL methods.

Prior multi-policy approaches, such as options/HRL and
mixtures-of-experts, show that specialized skills can outper-
form a single generalist, but two gaps remain. First, most
works do not demonstrate coverage of the multi-objective
Pareto frontier in realistic dynamic conditions; results are
typically reported on static or simplified settings without
wind-aware performance trade-offs [29], [30], [31]. Second,
the selector is usually a small gating network [34], which
can be effective but offers limited interpretability and OOD
robustness, and is rarely accompanied by ablation studies
that quantify the selector’s contribution versus single-policy
baselines. A runtime specialization mechanism is missing
that is transparent, data-driven, and validated against wind-
aware, city-scale variability.

C. Al REASONING AND DECISION MAKING

In modern autonomous systems, Al reasoning frameworks
form the cognitive backbone that interprets complex sen-
sory data, models environmental uncertainty, and orchestrates
multi-step decision processes. By integrating probabilistic
inference, neural reasoning modules, and domain knowledge,
these systems can dynamically adapt their behavior to evolv-
ing mission goals and safety requirements.

Extensive research into Al reasoning frameworks for
robotics has shown how these systems integrate diverse sen-
sor data, apply probabilistic inference for context-sensitive
decision-making, and generate interpretable explanations that
improve transparency and resilience in unpredictable envi-
ronments. Zhou, et al. [40] introduced a framework named
LKIRF that combined large language models with offline
knowledge graphs built from human motion and environmen-
tal data and online inference graphs. They found that LKIRF
substantially improved prediction accuracy across diverse
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scenarios and increased transparency and explainability of the
intent-inference process. Sobrin-Hidalgo, et al. [41] extended
their RAG-based LLM explanation system by incorporating
Vision-Language Models to fuse onboard camera imagery
with textual logs. They demonstrated that this multimodal
approach significantly improved the precision and clarity of
generated explanations. Liu, et al. [42] introduced an end-
to-end VLA model that integrated the Mamba state space
model with co-trained vision and language representations.
The results showed that the model could achieve strong
reasoning and pose accuracy while running inference three
times faster than prior VLA models. Sun, et al. [43] pre-
sented an autonomous office assistant that harnessed a LLM
within a multi-agent collaboration framework to perform
sophisticated reasoning, anticipate challenges, and retrieve
pertinent information from memory. Huang, et al. [44] pro-
posed an end-to-end autonomous driving framework that
fused multimodal LLM reasoning with trajectory planning
under a novel alignment constraint, ensuring the model’s
chain-of-thought directly guides its actions. Evaluated on
nuScenes and DriveLM-nuScenes, this framework achieved
record-low trajectory errors and collision rates, outperform-
ing existing methods. Kannan, et al. [45] presented SMART-
LLM, a framework that employed LLM-driven reasoning
via few-shot prompting to decompose high-level instructions,
form robot coalitions, and allocate tasks, converting com-
mands into executable multi-robot plans. This framework
was evaluated on a benchmark covering four instruction
categories, demonstrating robust reasoning-driven planning
performance across simulation and real-world evaluations.
In aerial drone applications, Al reasoning agents orches-
trate mission planning in response to environmental changes,
enhancing autonomy and safety [46]. Al reasoning enables
the UAV to plan contextual actions, such as trajectory adjust-
ments, sensor reconfiguration, and real-time policy switch-
ing. Without manual intervention, this agent can improve
autonomy and resilience in unpredictable environments.
Building on this capability, recent work has integrated
LLM-based reasoning directly into UAV autonomy architec-
tures. Zhao and Lin [47] introduced a hardware-software co-
design for LLM-empowered UAVs. Their prompt framework
integrated LLM reasoning with UAV autonomy stacks and
was validated on diverse real-world missions, demonstrat-
ing effective onboard planning and perception. Wang, et al.
[48] developed a modular prompt framework for LLM-driven
drone control comprising guidelines, skill APIs, constraints,
and examples to enhance reasoning and ensure code com-
pliance. This adaptable structure was shown to improve
coherence and reliability of LLM-generated control code
across varied UAV platforms and missions. Lin, et al. [49]
built up an ACP-based urban UAV framework integrating an
MLLM agent with a human-in-the-loop feedback loop for
autonomous flight and interaction. It instructed fine-tuned
MLLMs on a 3D spatial command dataset to imbue spa-
tial reasoning and used prompt fine-tuning to decompose

163554

complex UAV tasks in simulation. Chen, et al. [S0] employed
real-time language models to convert situational context
and obstacle data into sub-task instruction sequences for
autonomous urban path planning in a 3D simulation. Gao,
et al. [51] proposed an end-to-end zero-shot aerial VLN
framework leveraging an LLM agent to predict navigation
actions from natural language instructions and visual cues.
They designed a Semantic-Topo-Metric Representation that
extracts semantic masks of landmarks, projects them into a
top-down map, and encodes distance metrics as prompts to
bolster spatial reasoning.

Recent work suggests language-conditioned reasoning
modules can improve skill selection and generalization in
robotics [52]. However, to our knowledge, LLM-based meta-
decision makers have not been systematically evaluated as
runtime policy selectors in robotics under realistic, dynamic-
rich conditions with explicit multi-objective trade-offs and
reproducible weighting/ablation protocols. Existing LLM-
for-UAV studies demonstrate feasibility but stop short of
connecting language-guided decisions to Pareto-optimal RL
behaviors under rigorous ablation and grid-search proto-
cols [47], [48]. This leaves an opportunity to pair special-
ized RL policies with an LLM selector that is trained on
environment-performance tuples and validated for robustness
and interpretability.

To address these gaps, we replace scalarized single-policy
control with three specialized RL policies that explicitly span
the speed-safety-energy Pareto frontier, and we introduce
an LLM-based meta-controller that performs runtime policy
selection from compact, sensor-derived context to improve
robustness under dynamically varying conditions. We further
ensure reproducibility and interpretability by publishing a
comprehensive grid search for reward weights, providing a
formal algorithmic specification with defined variables, and
conducting ablation studies that quantify the contributions of
policy specialization and the meta-controller.

Table 1 contrasts recent hierarchical/multi-policy RL and
LLM-guided control methods across domain, architecture,
objectives, selection mechanism, and outcomes. Unlike most
prior work centered on manipulation or locomotion in labora-
tory settings, our study targets the safety-critical UAV naviga-
tion domain in dense urban wind fields, where decisions must
trade off time versus success under sensor noise and latency.
Rather than learning skills and a selector jointly or having
an LLM emit continuous actions, we use the LLM strictly
as a discrete meta-selector over a fixed set of Pareto-trained
flight modes (aggressive/balanced/cautious). This separation
of multi-objective design from execution yields transparent,
auditable switch rules with crisp, data-driven decision bound-
aries (over wind speed and building density), while the pre-
verified low-level controllers enable safety gating and simpler
certification than end-to-end policies. The result is a domain-
ready, interpretable, and data-efficient selection mechanism
with explicit sim-to-real assumptions, complementary but
distinct from prior HRL and LLM-action approaches.
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TABLE 1. Comparison with recent related work on policy selection and hierarchical control.

Work (year) Domain Architecture Objectives Policy/skill selection Outcomes/notes
H-REIL (RSS | Autonomous High-level RL switches Safety-efficiency trade-off | PPO meta-policy Switching outperforms IL
2020) [53] driving among low-level imitative chooses mode per and single-mode baselines

policies interval
RMA (2021) Legged Base locomotion policy + Robust walking under Latent context Works across rocks, stairs,

[54] locomotion online adaptation module terrain/payload changes conditions policy sand; adaptation critical
Option-Critic General RL End-to-end learning of Maximize return with Learned policy over Foundational HRL
(AAAI2017) options, terminations, and temporal abstraction options framework
[55] policy-over-options
HIRO General RL Two-level HRL with off- Long-horizon control & High-level sets goals Strong long-horizon
(NeurIPS policy correction sample efficiency for low-level performance
2018) [56]

BUDS (RA-L | Manipulation | Discovered skill library + Long-horizon imitation Meta-controller selects 66% sim success; 56%
2022) [57] meta-controller (hierarchical | from demos skill + subgoal real-kitchen success
BC)

Policy Manipulation | Modular policy with latent Transfer to new robot-task | Compose pretrained Zero/few-shot transfer
Stitching alignment; compose combos modules (“stitching”) across tasks
(CoRL 2023) robot/task modules
[58]

PaLM- Mobile LLM plan proposals Long-horizon instruction LLM proposes: value Successful long-horizon
SayCan manipulation | grounded by following model filters tasks in the real world
(2022) [52] value/affordance model
VoxPoser Manipulation | LLM + VLM compose 3D Language-conditioned Planner selects actions Zero-shot closed-loop
(2023) [59] value maps; model-based trajectory synthesis from value maps trajectories

planner

RT-2 (CoRL Manipulation | Vision-Language-Action Semantic generalization in | End-to-end action Improved generalization to
2023) [60] transformer (web + robotics | control token generation novel objects/instructions

data)

This work UAV LLM meta-controller selects | Minimize time while Fine-tuned LLM Interpretable switching
(LLM navigation Pareto-trained flight modes maintaining success and chooses mode based on | boundaries; complements
selector) safety environmental factors HRL/adaptation
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FIGURE 1. The integrated system architecture of the proposed MMRL framework.

lll. METHODOLOGY
A. OVERVIEW

Our multi-mode reinforcement learning framework integrates
high-fidelity urban wind simulation, specialized RL policy
training, and an onboard LLM for real-time mode selection.
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First, we generated a virtual Manhattan district with a 2,000
m x 2,000 m footprint, populated with nearly 500 high-rise
buildings and precomputed steady-state CFD wind fields for
four principal headings and ten different speed levels. Using
Unity 3D, we simulated a DJI-Mavic-inspired quadrotor in
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each 400 m grid cell under 40 distinct wind conditions and
trained three separate RL agents, which were aggressive,
balanced, and cautious, via Proximal Policy Optimization
(PPO) with a modular, sub-objective reward function.

We adopt PPO due to its clipped surrogate objective and
strong empirical stability/robustness on continuous-control
benchmarks, while retaining simple implementation and
favorable wall-clock performance [61]. Concretely, PPO’s
on-policy actor-critic updates with generalized advantage
estimation, minibatch Stochastic Gradient Descent (SGD)
over multiple epochs, and ratio-based clipping limit destruc-
tive policy moves and make it straightforward to implement
and tune in practice. In contrast, Deep Q-Learning (DQN) is
designed for discrete action spaces and must be discretized or
replaced for continuous control [62], which either explodes
the action grid or sacrifices control resolution, and typi-
cally requires target networks/replay plus reward clipping to
remain stable. Continuous-action methods like deep deter-
ministic policy gradient (DDPG) address this but are known
to be more sensitive to hyperparameters and exploration
noise [63]. Soft Actor-Critic (SAC) is a strong off-policy
alternative with excellent sample efficiency, but it introduces
additional replay/temperature-tuning complexity and sensi-
tivity to design choices that were not advantageous under our
single-GPU, Unity-based training loop [64]. Given these con-
straints, PPO provided the most reliable convergence for our
continuous-action task with a predictable compute footprint
and minimal tuning overhead.

In our design, each policy learned a unique trade-off
between flight time, energy use, and safety. Once trained,
we evaluated all three agents on 10,000 trials per mode,
covering every grid, wind orientation (along, against, perpen-
dicular), and wind speed multiplier. We then extracted the
fastest mode in each scenario to form a supervised dataset of
(density, wind speed, orientation) for the best mode. Finally,
we fine-tuned a pre-trained LLM on 80 % of these examples,
prompting it with environmental descriptors and recent flight
history so that at runtime it can infer the optimal policy
mixture. And we used the remaining 20% of data to validate
the LLM’s generalization.

Fig. 1 presents the whole system for this proposed frame-
work. On the left, the urban environment module synthesizes
three components: a 3D virtual city model with real building
layouts and obstacles, a physics-informed wind simulation
that provides spatially varying gust fields, and a 5G signal
emulator for variable communication conditions. These envi-
ronmental factors drive the autonomous drone stack at the
center: a virtual sensing module (Lidar, IMU, GPS) collects
raw data, which can generate environmental descriptors.
These descriptors serve two parallel purposes. First, they feed
into our reinforcement learning pipeline, where PPO, with
mode-specific reward functions, trains three distinct agents
embodying aggressive, balanced, and cautious personalities.
After training, each agent is evaluated across the simulated
grid and wind scenarios to produce detailed flight-history
logs. Second, the same descriptors and recent flight history
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FIGURE 2. Two-stage point-cloud encoder and classification pipeline.

are provided as prompts to a large language model, which
learns via supervised fine-tuning to predict the optimal mode
label for any new condition. At runtime, the LLM ingests the
current feature vector and the most recent flight data to output
a predicted mode.

B. LIDAR DATA PROCESSING

The point cloud encoder used in our work adopts the structure
illustrated in Fig. 2, originally developed for 3D object detec-
tion. The network begins with a feature extraction module,
which processes raw point cloud data to generate dense point-
wise representations. These features are then passed through
a foreground feature selection stage that isolates informa-
tive spatial regions. To improve recognition and semantic
grouping, a K-means clustering module is applied to group
the extracted features based on local geometric similarity.
These clustered feature representations provide a structured
and semantically enriched input to subsequent modules in
our framework. This is followed by a max pooling operation
over each cluster to obtain compact clustered features. These
features are fed into an ROI proposal module, which predicts
candidate object regions. The proposals are evaluated by
a classification module, and the results are further refined
through a continuous function branch that adjusts the clas-
sification scores, resulting in refined predictions.

In our application, this network is modified and used purely
as a point cloud encoder, adapted from PointNet++ [65]. The
encoder was pretrained on the KITTI 3D object detection
dataset, leveraging the full pipeline described above [66].
During downstream training in our model, only the encoder
is used, and its parameters are kept frozen to preserve the
learned 3D geometric representations.

C. BASIC REWARD FUNCTION

In our multi-mode reinforcement learning (MMRL)
framework, the reward function serves as the primary mecha-
nism for shaping agent behavior through trial-and-error inter-
actions. Building on the MMRL paradigm, we decompose the
total reward into a collection of interpretable sub-objectives
that reflect critical aspects of drone navigation: progress
toward the goal, mission completion, environmental haz-
ard avoidance, safety, and temporal efficiency. This modu-
lar approach enables clear alignment between system-level
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requirements and learned behaviors, while the absence of
hard-coded weights in the base formulation ensures flex-
ibility for future tuning. We first define the overarching
reward structure and then describe each component in detail,
followed by the mode-specific scaling factors that produce
aggressive, balanced, and cautious behaviors. The reward
system that we designed in this experiment is as in (1).

R = rgistance + Tarrival + Tavoidance + Teollision

+ Twind + Ttimeout + Ttime (D

where R represents the total reward received by the drone
at each timestep. This scalar is composed of multiple
interpretable sub-objectives that align with core navigation
requirements: 7gisrance quantifies stepwise progress toward
the target, r4ivar provides a discrete bonus upon safe arrival
at the goal, rayoidance rewards successful avoidance of des-
ignated strong-wind regions, reoision iIMposes a penalty
and terminates the episode when a collision occurs, ryipg
applies a small penalty for remaining in high-disturbance
or looping zones, Fimeour penalizes failure to complete the
mission within the allotted time budget, and ry;;,, enforces
temporal efficiency through a minor per-step cost. In this
base formulation, each sub-objective contributes equally,
without additional weighting, simplifying the initial design
and ensuring that learned behaviors reflect the raw trade-offs
inherent in the task.

The first reward function is based on the distance between
the target and the drone. This continuous incentive measures
the reduction in distance to the target at each timestep, nor-
malized by the episode’s starting separation. By rewarding
every meter of progress rather than absolute proximity, the
drone is guided along direct, efficient trajectories and dis-
couraged from oscillating or idling near the goal. Normaliza-
tion ensures consistency across missions of different lengths,
providing dense feedback that accelerates learning in long-
horizon tasks. We express this distance-reduction term in (2).

—di—y — dy
I'distance = Z d—O x 100 (2)
t=1

where rgisiance measures the normalized decrease in distance
to the target at each timestep; d; and d;_; are the distances at
steps t and t-1, and d is the initial episode distance.

For the second reward function, a large, one-time bonus is
awarded when the drone first enters the goal region, clearly
distinguishing genuine task success from mere proximity.
Without this discrete reward, agents might “dance” around
the boundary to exploit the continuous distance term. By set-
ting the bonus above any possible cumulative incremental
gains, policies learn that safe arrival is the highest-value
outcome, preventing indecisive hovering. This function is
formalized in (3).

+10 if arrives target 3)
T, 7 =
arrival 0 otherwise
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Strong wind areas introduce instability and higher energy
use. To instill proactive hazard avoidance, the drone earns
a positive reward when it plans and executes a path that
skirts around predefined wind polygons without entering
them. Instead of penalizing intrusion, this design encourages
the agent to recognize and prefer safer corridors, mirroring
real-world routing strategies. Such an incentive enhances
both stability and battery life. The wind-avoidance term is
detailed in (4).

+10 if avoids strong wind zone
Tavoidance = . )
0 otherwise
Collisions can cause severe real-world consequences.
We therefore impose a substantial negative penalty and termi-
nate the episode immediately upon any impact. This creates
a strong deterrent against reckless shortcuts through cluttered
environments and forces the policy to internalize obstacle
layouts. Because no further rewards accrue post-collision, the
agent quickly learns that safety is paramount. The collision
penalty is specified in (5).

—10 if a collision occurs

Yeollision = . ©)
0 otherwise

To prevent the drone from getting ‘“‘stuck” in high-
disturbance or looping regions, we apply a small penalty per
timestep spent inside designated disturbance zones. The loss
scales with proximity to the zone center, gently nudging the
agent toward open airspace without overwhelming primary
objectives. This fosters exploration and dynamic rerouting
when conditions warrant. The functional form appears in (6).

d
—0.1 x =22 per step
Twind = D yyax (6)
0 otherwise

where r,inq penalizes each timestep spent in a disturbance
region; done and Dy,,, denote current and maximum zone
distances.

Exceeding the maximum timestep before reaching the tar-
get model’s finite battery life or mission windows. A fixed
negative penalty prevents policies from favoring overly cau-
tious behaviors that never complete the mission. By balancing
against the arrival bonus, agents learn to trade off safety and
timeliness under resource constraints. This timeout cost is
encoded in (7).

—10 if step reaches maxmium
Ttimeour = . @)
0 otherwise
Lastly, a minor per-step cost encourages the drone to min-
imize idle time and reduces the incentive to loiter in safe
zones. Although small relative to other terms, this continuous
penalty smooths the learning landscape and complements
the timeout cost by providing ongoing pressure for efficient
progress. Its expression is given in (8).

Tiime = —0.001 per step (8)

163557



IEEE Access

J. Wu et al.: LLM-Driven Pareto-Optimal MMRL for Adaptive UAV Navigation in Urban Wind Environments

D. MODE-SPECIFIC SCALING FACTORS

While the base reward components establish a common foun-
dation for all policies, our MMRL framework requires dis-
tinct navigational ‘“‘personalities” to span the Pareto fron-
tier of speed, safety, and energy efficiency. To this end,
we introduce three multiplicative scaling factors (ky, k2, k3)
that adjust the distance-reduction reward, the per-step time
penalty, and an additional conditional penalty, respectively:

mode

T distance = k1 X Tdistance )
d

rtTrZee = k2 X Ttime (10)
d

Tyind = k3 X Fwind (11)

where k; scales the urgency of forward progress: a larger
value rewards every meter of closing distance more heavily,
pushing the drone toward direct, high-speed trajectories; k3
scales time pressure: increasing it makes each additional
timestep more costly, encouraging faster mission completion;
setting it to zero removes any explicit rush; k3 scales the
penalty for disturbance-zone exposure: higher values enforce
stronger avoidance of gusty or unstable regions, while lower
values permit greater tolerance of such conditions.

To justify our choice of scaling factors ki, , kp and k3,
we conducted a coarse grid search over five distance-reward
levels (0.5, 1.0, 1.5, 2.0, 3.0), three time-penalty levels (0,
1, 2), and three disturbance-penalty levels (0, 1, 2). These
candidate values were informed by our previous research [21]
and reflect an empirically driven tuning approach. Each triple
was trained and evaluated in three urban scenarios (low,
medium, high building density) under varying wind condi-
tions, with ten independent runs per setting to ensure sta-
tistical robustness. We evaluated every candidate triple by
training an agent and measuring its flight time, collision
rate, and energy consumption; by plotting these three met-
rics we constructed the Pareto frontier and then selected the
three non-dominated configurations that together span the
full trade-off surface, Aggressive (3, 2, 0) for the fastest
flights, Cautious (0.5, 0, 2) for the safest, and Balanced
(1.5, 1, 1) as the intermediate compromise and most energy-
efficient behavior. This data-driven procedure, rather than
heuristic guessing, ensures reproducibility and yields clearly
distinct modes along the speed, safety, and efficiency dimen-
sions. The complete grid-search results are given in Table 6.
(Appendix A).

In the aggressive configuration, we set k1 = 3, ko = 2,
k3 = 0. Tripling the progress-to-goal reward makes each
meter of forward movement extraordinarily valuable, com-
pelling the drone to follow the most direct trajectory toward
its destination. Doubling the per-step penalty further punishes
any hesitation or detour, reinforcing a high-speed flight pro-
file. By zeroing out the disturbance-zone penalty, the agent
effectively ignores turbulent regions, allowing it to cut cor-
ners and skim close to hazard boundaries without cost.

During training, this combination drives the policy to
exploit open corridors and minimize travel time, often at the
risk of reduced safety margins. Consequently, the aggressive
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agent achieves the fastest completion times and lowest energy
consumption in benign conditions, albeit with a higher colli-
sion rate when navigating dense clutter or sudden wind gusts.

For the balanced mode, we use k; = 1.5, kr» = 1,
kz = 1. A 1.5 multiplier on the distance reward still encour-
ages efficient route planning, while preserving sufficient
flexibility to reroute around obstacles. The standard time
penalty maintains a healthy sense of urgency without penal-
izing cautious maneuvers, and the base disturbance penalty
continues to nudge the drone away from high-wind zones.
This middle-ground tuning fosters a policy that naturally
negotiates trade-offs between speed and safety: it slows down
modestly to avoid tight passages or strong turbulence but
never lingers long enough to jeopardize mission timeliness.
Empirically, the balanced agent achieves consistently low
collision rates while completing missions in a reasonable
time, making it well-suited for environments with mixed risk
levels, such as semi-urban areas with intermittent gusts or
moderate obstacle density.

In the cautious setting, k; is reduced to 0.5, ky is set
to 0, and k3 is increased to 2. Halving the distance-reduction
reward greatly diminishes the incentive for direct flight,
encouraging the drone to take longer but safer routes. Remov-
ing the time penalty eliminates any rush, allowing the
agent to loiter if necessary, such as waiting out gusts or
conducting thorough scans of the environment. Doubling
the disturbance-zone penalty creates a strong aversion to
high-wind areas or loop-prone regions, effectively turning
them into near “‘no-fly” zones. During training, the cau-
tious policy learns to maintain large safety buffers around
obstacles and to hover briefly to reassess when encountering
unexpected conditions. Consequently, this mode achieves the
lowest collision rates and highest stability, at the expense
of longer flight durations and increased energy use, which
is ideal for highly cluttered, wind-swept, or otherwise haz-
ardous operational contexts.

By tuning these three scalar parameters, our framework
produces specialized RL agents that collectively span the
multi-objective trade-off surface, allowing dynamic selection
of the optimal navigation strategy in response to changing
mission requirements and environmental conditions.

E. LLM FINE-TUNING

We use an LLM-based selector to leverage high-level rea-
soning, compositional generalization, and interpretability in
long-horizon decision making. Prior work shows that lan-
guage models can plan, ground language in robotic affor-
dances, and transfer across tasks and embodiments, such
as Zero-Shot Planners, SayCan, PaLM-E, and RT-2 [52],
[60], [67], [68]. Compared with fixed thresholds, finite-state
machines, or small MLP gating, an LLM can fuse het-
erogeneous context (numeric descriptors, categorical flags,
and short histories of data), reason over mission constraints
stated in natural language, and adapt its selection rule via
prompt edits or few-shot examples without retraining. It also
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supports compositional decision logic (combining wind, den-
sity, and battery cues with soft constraints) and produces
operator-facing rationales (e.g., ‘“‘selected cautious due to
strong crosswind and low battery’’), which improve auditabil-
ity, debugging, and trust. Practically, this yields more robust
mode selection under distribution shift, while parameter-
efficient fine-tuning (LoRA) keeps training and inference
overhead modest on a single GPU [69].

We use Llama 3.1 8B (base) as the real-time decision
maker. The model is trained via supervised fine-tuning on
10,000 labeled examples generated by running the three RL
policies (aggressive, balanced, cautious) across diverse urban
and wind conditions. Each example consists of: An environ-
ment descriptor vector (d, v, o, b, t), where d € [0, 40] %
is the local building density, v € [0, 20] m/s is the instan-
taneous wind speed, o € [along, against, perpendicular]
indicates wind orientation relative to the planned heading,
b € [0, 100] % is the remaining battery state, and ¢ is the cor-
responding flight time in seconds. A mode label / € [0, 1, 2]
corresponding to the policy that achieved the minimum total
flight time under those exact conditions (0 = aggressive, 1
= balanced, 2 = cautious). We convert each example into
a natural-language prompt of the form: “density = 22.5%,
wind = 9.8 m/s (perpendicular), battery = 65%, time —
52.3, mode = 0”. At inference time, using Llama-3.1-8B as
a real-time selector imposes a tight latency/memory budget,
so we constrain prompts to short, structured strings and a
small discrete action set, avoiding long chain-of-thought or
multi-turn deliberation. Finally, labels are simulation-derived
and may encode simulator biases; although our evaluation
shows strong performance across diverse routes, closing any
residual sim-to-real gap will require targeted data collec-
tion and lightweight, incremental fine-tuning on real flights,
an avenue we plan to pursue with active sampling of under-
covered wind—density regimes.

The 10,000 examples are shuffled and split 80/10/10 into
training, validation, and test sets, ensuring no grid-wind com-
bination appears in both train and test. To reduce compu-
tational and memory overhead, we use LoRA (parameter-
efficient adapters) with FP16 on a single NVIDIA RTX 4090
(24 GB VRAM); we set a context length of 512 tokens and
batch size 32. Training minimizes cross-entropy between the
model’s three-way output and the ground-truth label, using
AdamW (learning rate = 2 x 1077, weight decay = 0.01)
with a linear decay schedule to zero over 10 epochs, gradient
clipping (max-norm = 1.0), and early stopping after two con-
secutive non-improvements in validation accuracy; the best
checkpoint is selected by validation accuracy. These settings
reflect the single-GPU compute budget and were sufficient
for stable convergence.

To mitigate overfitting on a modest dataset, we limit train-
able capacity via LoRA (freezing the backbone), use weight
decay (0.01), apply adapter dropout (p = 0.10) and label
smoothing (¢ = 0.05), and introduce prompt-level random-
ness (randomized field order during training) to discourage
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Algorithm 1 Fine-Tuning LLAMA 3.1 8B with LoRA for Drone Mode Selection
Input: Dataset D = {(d;,v;,0;, bi, ti, ll_)}mouu

i=1
where d; = building density, v; = wind speed, 0; = wind orientation,
b; = battery state, t; = flight time, l; = mode label (0, 1, or 2)
Prompt format: “density = ..., wind = ..., battery = ..., time = ...,
mode = ...”
Split: 80% train, 10% val, 10% test (no grid-wind pair overlap)
Batch size B = 32, context length C' = 512 tokens, FP16 precision
AdamW optimizer: learning rate = 2 x 1072, weight decay A = 0.01
Linear decay schedule (annealed to zero over 10 epochs)
LoRA parameter-efficient adapters enabled
Gradient clipping gmax = 1.0
Max epochs E = 10, early stopping patience 7 = 2
Hardware: NVIDIA RTX 4090 (24GB VRAM, fits 8B model + LoRA)
Output: Best fine-tuned model M* for drone mode selection
1: M < LoadPretrained(LLAMA 3.18B, LoRA enabled)
: opt < AdamW (M, 1, \)
: bestAcc < 0, patience < 0
: Format each example as a prompt-label pair using fixed template
: Randomly split data: 80% train, 10% val, 10% test
(ensure no grid-wind overlap between train and test sets)
6: for e =1to E do
7 for each batch B C Diyain of size B do

g W

8: Ypred ¢ M(Binputs)

9: { < CrossEntropyLoss(yypred, Blabels)
10: £.backward()

11: ClipGradNorm(M.parameters(), gmax)
12: opt.step()

13: opt.zero_grad)()

14: end for

15: (4y, ay) < Evaluate(M, Dya)
16: if a, > bestAcc then

17: bestAce < ay,

18: M* + Copy(M)

19: patience < 0

20: else

21: patience < patience + 1
22: end if

23: LogMetrics(e, Ly, a,)

24: if patience > T then

25: break

26: end if

27: end for

28: ({4, a;) + Evaluate(M*, Dyest)
29: return M*

FIGURE 3. Algorithm for supervised fine-tuning of Llama 3.1 8B.

lexical memorization. The train/validation curves remained
aligned; validation accuracy peaked around epochs 7-8, and
early stopping typically halted training at epoch 8. On the
held-out test set, accuracy and F1 were within ~1-2 percent-
age points of validation, and the confusion matrix showed no
mode collapse or class bias, indicating no material overfitting
under our training regimen.

In inference, the fine-tuned LLM ingests a fresh prompt,
constructed from real-time sensor readings and the latest
three flight times, and outputs the recommended mode index.
The drone control system then seamlessly switches to the
corresponding RL policy. To visualize the selector’s decision
boundaries, we exhaustively query the LLM over a dense
grid of building densities (0-40 %), wind speeds (0-20 m/s),
and the three orientations. The resulting predictions form
a color-coded heatmap that highlights regions where each
mode is preferred. Finally, we measure LLM performance
on the held-out test set, reporting classification accuracy,
confusion matrix, and F1 scores. The whole process is shown
in Fig. 3 below. For clarity, all symbols and abbreviations
used in Algorithm 1 are summarized in Table 2.
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TABLE 2. Nomenclature for LLM fine-tuning algorithm.

Symbol Description
D Dataset of labeled examples
d Building density
v Wind speed
0 Wind orientation
b Battery state
t Flight time
l Mode label (Output: 0 = Aggressive, 1 = Balanced, 2 =
Cautious)
P Set of modes
B Batch size (32)
C Context length (512 tokens)
n Learning rate (2 X 1075)
A Weight decay (0.01)

Imax Gradient clipping threshold (1.0)

E Maximum number of epochs (10)

T Early-stop patience (2 epochs)
M Model instance (Llama 3.1 8B with LoRA adapters)

m* Best checkpointed model (selected by validation accuracy)

L Cross-entropy loss

a,, a; Validation and test accuracy

Opt AdamW optimizer

FP16 Mixed-precision (float16) flag

IV. EXPERIMENT

We used a high-fidelity simulator to train our drone agents,
which offers several advantages over traditional physical
flight testing. Virtual environments let us generate com-
plex, varied obstacle courses and wind scenarios, which are
impractical to reproduce safely in the real world, so the drone
encounters a much broader range of challenges. Simulated
crashes carry no risk to hardware or personnel, eliminating
downtime and repair costs. And because every aspect of
the environment is parameterized, we can tweak training
algorithms, wind profiles, or building layouts in seconds and
immediately observe the effects on performance. This rapid,
risk-free iteration accelerates learning, yielding more capable
policies in far less time than would be possible with real-
world trials. We chose Unity 3D as our simulation platform
for its scalable scene construction and built-in analytics,
which streamline data logging and environment control.

A. URBAN ENVIRONMENT SIMULATION

We conduct all training in a fixed 2,000 m x 2,000 m portion
of Midtown Manhattan (outlined in red in Fig. 4), whose
orthogonal street grid and high-rise clusters, including the
eastern edge of Central Park, provide a realistic urban canyon.
The scene contains nearly 500 rectangular buildings whose
plan dimensions (width and length) each range from 40 to
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FIGURE 4. The location and the 3d model of Midtown Manhattan.

100 m, with heights from 10 to 200 m, randomly distributed
within the district. No artificial boundaries are imposed,
allowing wind to flow naturally across the full area.

At the start of each episode, the drone spawns at a random
location along one edge of the map, while the target appears
on the opposite edge. The agent must traverse the 2 km span
under full 3D control, with altitude capped at 50 m to prevent
trivial overflight, and weave between buildings to reach its
goal. To challenge the controller with realistic meteorological
disturbances, we superimpose forty distinct wind-field condi-
tions over this fixed geometry. We select four principal wind
headings (north, east, south, west) and, for each heading, ten
discrete speed levels linearly spaced from 1 m/s (calm) to
10 m/s (strong). These wind vectors remain constant through-
out an episode but vary randomly between episodes, forcing
the policy to learn robust compensation strategies rather than
memorize terrain features. Tailwinds can shorten flight time
but narrow collision-avoidance windows, while crosswinds
demand precise roll and yaw control to maintain path fidelity.

Position feedback is provided via Unity’s local coordinate
system, simulating a GPS sensor that reports the drone’s and
target’s (X, y, z) at 10 Hz with 1 m RMS noise. By restricting
observations to this relative frame, rather than absolute global
coordinates, we mimic onboard autonomy that relies on local
measurements and focuses policy learning on immediate
environmental interactions.

B. DRONE SIMULATION

To ensure that our learned policies transfer to real-world
platforms, we model the dynamics and sensors of a DJI
Mavic 2 Pro quadrotor, adjusted for urban operations. The
vehicle’s mass is set to 2 1bs., and its maximum horizontal
speed is capped at 30 mph to comply with safety regula-
tions in dense airspace. We enforce a 50 m altitude limit to
prevent trivial overflight of obstacles. The quadrotor’s thrust
generation and attitude control are simulated via a first-order
actuator model with a 0.2 s time constant and saturation
limits matching the real vehicle’s motor and propeller per-
formance curves. Aerodynamic drag is applied as a quadratic
force opposing the velocity vector, calibrated to match the
Mavic 2 Pro’s frontal area and drag coefficient.

To emulate onboard sensing for transfer, each sensor pro-
duces a delayed, noisy sample of the underlying ““true”” signal
at its native rate. Let 7z = kAt, be the simulation step and
let d; = round(t4fs) be the integer sample delay for sensor
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s with latency t; and sample rate f;. Measurements are the
delayed truth plus zero-mean noise (and range-clipped where
applicable). We constrain agent observations to local (x, y, 2)
coordinates (rather than absolute latitude/longitude) to focus
learning on relative navigation and obstacle avoidance. The
resulting stochastic measurement models are:

(1) GPS position (10 Hz, 1 m RMS, 100 ms latency)

= Ptrue (tk—rgps) + Egps,
Egps ~ N (o, agmh) (12)

(2) IMU accelerometer (200 Hz, 5 ms latency, 0, = 0.02 g)

Pmeas (tk)

Ameas (tk) = Qprue (tk—fimu) + Nas
o~ N (o, %213) (13)

(3) IMU gyroscope (200 Hz, 5 ms latency, o, = 0.5 deg/s)

Wieas (k) = WOrue (tkffimu) + g
¢ ~N(0,0215) (14)

(4) LiDAR, 10 Hz, 16 channels, +15° vertical FoV; per-
beam range with clipping

Fmeas = Ttrue + Mrs 1 ~ N (0» Urz) (15)

Parameter note: We use f,,,, = 200 Hz with 1, = 5 ms,
feps = 10 Hz with g,; = 100 ms, ogps = 1m(RMS), 0, =
0.02g (with g = 9.81 m/s?), o, = 0.5 deg/s, and LIDAR f; =
10 Hz, o, = 0.03m.

At each step, the simulated drone queries the current wind
velocity, interpolated from the precomputed CFD volume,
to compute aerodynamic forces acting on the body. This
real-time coupling requires efficient trilinear lookup of the
three-dimensional wind field. Finally, all dynamics and sen-
sor models are implemented as Unity components, enabling
easy parameter tuning via Inspector panels. This modular
architecture allows us to vary mass, noise levels, actuator
response, or sensor refresh rates with minimal code changes,
facilitating robust sim-to-real validation and rapid iteration on
both the vehicle model and training algorithms.

For energy consumption, we compute electrical motor
power from commanded rotor speeds at each physics step
At = 0.1 s, and integrate it over time.

Ewn = 3500 Z ;

where w;(?) is rotor i’s angular speed (rad-s~!) from the 0.2s
first-order actuator model, kp = 1.1 x 1077 (ST quadratic
torque coefficient calibrated for a Mavic-class prop/motor),
and 17, = 0.85 is the combined motor efficiency [70], [71],
[72]. The inner sum runs over the four rotors and the outer
sum over simulation steps; we assume a constant bus voltage
(i.e., no voltage-sag/Peukert effects).

kow? (1)

(16)
Nprop
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TABLE 3. Computational fluid dynamics details.

Aspect/Parameter Details/Choice
Material in Flow Air

Air Density 1.196 kg/m?
Wind Speed (Inlet) 15 m/s

Air Pressure (Outlet) 0.015 kPa
OpenFOAM Solver simpleFoam
Meshing Generation snappyHexMes
Grid Convergence Study Yes

Turbulence Model

k-¢ turbulence model

Boundary Conditions

No-slip wall, velocity inlet, pressure
outlet

Simulation Time Step

0.001 s

Number of Iterations

100,000

Computational Resources
Used

Intel 19-14900K, 32GB RAM, RTX
4090

C. WIND SIMULATION (COMPUTATIONAL FLUID
DYNAMICS)

In this study, we use OpenFOAM to generate high-fidelity
CFD data as the wind data during the training. The simulation
domain replicates urban wind interactions with obstacles,
applying boundary conditions that define inflow, outflow,
and surface interactions. Table 3 illustrates the CFD set-
tings, including boundary conditions, material properties, and
solver details.

The wind simulations solve the incompressible Navier-
Stokes equations, modeling air with a 1.196 kg/m? density.
The inlet wind speeds were set at 10 m/s, while the outlet
pressure conditions were maintained at 0.015 kPa. These
CFD-generated wind fields serve as training data for the CAE
model.

V. RESULTS

A. ENVIRONMENT ANALYSIS

We first divided this urban district into a 5 x 5 grid of 400 m
x 400 m cells, yielding 25 unique sub-regions as shown in
Fig. 5. Fig. 5(a) shows the full top-down view of the entire
scenario, with every building footprint rendered in its true
relative position. In Fig. 5(b), each numbered panel (Grid
0 through Grid 24) isolates one of these sub-regions, display-
ing only the obstacles contained within that 400 m square.
During training, we randomly select one or several adjunct
grids per episode. These sub-regions, including sparsely built
blocks and tightly clustered skyscrapers, can help the drone
know how to navigate while compensating for wind and other
disturbances.

Meanwhile, we applied four different wind directions to
the model. As shown in Fig. 6, each sub-figure displays
a horizontal slice (30 m above ground) of the wind speed
magnitude for the whole urban environment, computed with
OpenFOAM. From left to right, these plots correspond to
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FIGURE 5. Grid-Based Decomposition of the Simulated Urban Scenario.
(a). The top view of the scenario. (b). The grids of different layouts.
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FIGURE 6. The CFD results for the four principal wind directions.

north, south, east, and west wind inlet conditions at 10 m/s.
Color maps range from blue (low speeds in wake zones and
sheltered courtyards) to red (high-speed jets along windward
building faces and street canyons). Then, these wind fields are
loaded into our Unity simulator to provide spatially varying
disturbance wind zones for policy training.

Table 4 presents the building density and corresponding
mean wind speed magnitudes for each of the 25 grid cells
defined in Fig. 5. Building density is computed as the per-
centage of the 400 m x 400 m grid area occupied by building
structures. Average wind speeds are derived by sampling the
simulated CFD velocity field within each grid for the four
principal wind directions (north, south, east, west). From
the table, we can see that the grids with low building den-
sity exhibit relatively uniform wind speeds across directions,
reflecting unobstructed flow. Conversely, high-density grids
show more pronounced directional variability, as complex
geometry induces wakes and channeling. Mid-density regions
reveal elevated wind speeds when aligned with broad street
canyons, underscoring the role of urban morphology in shap-
ing local gust patterns.

B. DRONE FLIGHT ANALYSIS

To train the drone in different modes to accommodate varying
wind conditions, we first trained basic drone agents whose
task was to navigate safely in an urban environment without
any collisions. We employed PPO to learn these baseline
policies, leveraging its clipped surrogate objective to ensure
stable updates and high sample efficiency. PPO’s balance of
exploration and reliable convergence makes it particularly
well suited for continuous control tasks in complex settings.
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TABLE 4. Grid-Level building density and mean wind speeds.

Average Wind Speed
Grid Building Density (%)

North  South East West
Grid 0 10.71 4.02 5.02 485 441
Grid 1 0.94 4.58 4.15 462 445
Grid 2 3.39 4.67 4.57 445 4.62
Grid 3 11.45 433 4.81 453 442
Grid 4 16.65 4.11 4.29 483 477
Grid 5 14.66 451 6.23 551 539
Grid 6 9.67 6.69 7.08 521 548
Grid 7 17.60 6.02 5.48 534 6.02
Grid 8 28.25 3.57 525 380 531
Grid9 2721 5.06 5.49 6.76  7.27
Grid 10 34.15 5.31 5.67 7.83  9.06
Grid 11~ 36.72 6.69 5.89 741 9.18
Grid 12 34.00 5.04 5.36 574  7.80
Grid 13 37.28 3.50 4.89 4.86 3.51
Grid 14 37.29 4.23 5.19 6.12 423
Grid 15 29.99 4.07 6.43 491 4.04
Grid 16  18.70 3.12 3.53 392 372
Grid 17 16.99 3.84 4.79 396 398
Grid 18 29.35 2.96 3.87 420 445
Grid 19 33.85 2.47 3.72 428 3.28
Grid 20 30.91 2.90 4.65 432 4.00
Grid 21 32.42 3.72 4.90 422 330
Grid22 42.26 4.20 5.11 4.54  3.11
Grid 23 28.89 3.40 3.97 500 341
Grid 24 33.63 4.11 4.49 473 351

Fig. 7 presents the trajectories of the drones’ flights in the
simulation environment.

In each sub-figure, the red circle marks the drone’s current
position, the blue circle marks the target, and the purple
line shows the flown trajectory. Fig. 7(a) and (b) illustrate
typical successful navigation where the drone weaves around
building clusters and proceeds directly to the goal without
collisions. Fig. 7(c) highlights a failure mode in a particularly
congested block where the agent becomes “‘stuck’ looping
near an impassable corridor. Fig. 7(d) shows how the drone
learns to recognize dead-end layouts and executes a deliberate
detour, rerouting around the blockage to ultimately reach
its destination. The success rate reaches 90% after training
20,000 epochs.

Building on this baseline performance in a static
environment, we then introduced wind disturbances and
mode-specific reward scalings to specialize the agent into
aggressive, balanced, and cautious personalities. After train-
ing the three different modes of agents, we evaluated each one
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FIGURE 7. The drone’s trajectories in the no-wind condition: red circle =
current drone position, blue circle = target, purple line = flight path.

through our 25 urban sub-regions. In each grid, we applied
4 wind orientations and used 10 discrete speed multipliers
from 0.1 to 1.0, representing gentle to strong gusts, to control
the wind intensity. For statistical robustness, every combina-
tion of grid, wind relationship, and wind factor is repeated
10 times with different random seeds. Therefore, this pro-
cedure would yield 10,000 trials per mode, providing a rich
dataset for uncovering how flight time, energy consumption,
and safety margins vary under different wind relationships
(along, against, perpendicular). “Along” denotes that the
wind blows in the same direction as the drone’s flight path,
“against” means the wind opposes the drone’s heading,
and “perpendicular” indicates the wind is orthogonal to the
drone’s trajectory.

Fig. 8 shows how flight times change under along-wind
conditions for each grid as wind speed increases. Each panel
includes a small p% badge at the upper left position, indi-
cating that grid’s building density, the percentage of area
occupied by obstacles, so higher values mean a more clut-
tered environment. In low-density areas (d < 10%), all
three modes: aggressive (blue), balanced (red), and cautious
(green), benefit almost linearly from stronger tailwinds, with
the aggressive policy achieving the fastest reductions in time.
In moderate-density blocks (10% < d < 20%), tailwind
gains persist but at areduced rate due to building wake effects.
In the densest districts (20% < d), however, flight times
plateau or even rise at high wind speeds as strong gusts
push the UAV into narrow canyons, forcing extra corrective
maneuvers. Across all cells, aggressive mode consistently
yields the shortest, most stable times; balanced mode trades
some speed for moderate safety; and cautious mode delivers
the slowest but most predictable performance, particularly in
congested areas.

Under headwind conditions, as shown in Fig. 9, flight times
rise across all grids as wind speed increases, but the modes
diverge markedly in their sensitivity. In the sparsest areas
(d < 10%), the aggressive agent has the steepest climb in
time, strong headwinds negate its speed advantage, while the
cautious mode increases modestly, and the balanced mode
lies between. In moderate-density zones (10% < d < 20%),
headwinds push all modes to slow down, yet cautious remains
fastest due to its conservative routing that minimizes direct
opposition and balances against trade-offs between speed and
stability. In the densest cores (20% < d), headwind effects
amplify sharply: aggressive times explode as the drone battles
gusts in narrow canyons, balanced grows more gradually, and
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FIGURE 8. The flight times in each grid of the tailwind condition.

cautious can offer the minimum flight time when the wind
is very large. Across every cell, aggressive mode suffers the
largest headwind penalty, balanced offers a middle ground,
and cautious proves most robust against oncoming wind at
the expense of longer baseline times.

Flight times under crosswind conditions are shown in
Fig. 10. As we can see, the impact on flight time is highly
variable and largely grid-dependent, as the side gusts neither
uniformly aid nor hinder forward progress. In low-density
areas(d < 10%), crosswinds introduce only minor steer-
ing adjustments, yielding small and sometimes inconsistent
changes in completion time across all modes. In mid-density
and high-density grids (d > 10%), side winds produce erratic
spikes, particularly for the aggressive and balanced policies.
Overall, because crosswinds act orthogonally to the drone’s
trajectory, their effect is inherently stochastic, reinforcing the
need for adaptive mode selection to manage lateral distur-
bances in complex urban layouts.

To better visualize how environmental conditions jointly
affect drone performance, we aggregated all flight-time mea-
surements across wind speeds and building densities and ren-
dered a smooth heatmap from these data. Each heatmap thus
conveys how flight time responds to varying wind strength
and urban density for a particular mode and wind orienta-
tion. Fig. 11 shows these maps for aggressive, balanced, and
cautious policies under tailwind, headwind, and crosswind
conditions. To build them, we placed all 30,000 measured
flight times onto the wind speed-building density plane and
used bicubic spline interpolation over a regular grid to obtain
a smooth field. The resulting maps reveal clear trends: under
headwinds, the aggressive map rises steeply with both wind
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FIGURE 9. The flight times in each grid of the headwind condition.

speed and density, balanced exhibits more moderate increases
in all directions, and cautious remains flatter, especially under
crosswinds, indicating more uniform, robust performance in
challenging urban canyons.

Fig. 12 plots the minimum flight time observed across
our three mode agents as a smooth surface over wind speed
(x-axis) and building density (y-axis). For each combination
of grid cell, wind strength, and direction (along, against,
perpendicular), we select the fastest of the aggressive, bal-
anced, and cautious flight times, then interpolate these min-
ima over a regular sampling of speed and density values.
The resulting 2D heatmaps reveal the envelope of optimal
completion times: under tailwinds, the best case drops sharply
with moderate winds in low-density areas but flattens in
dense canyons; under headwinds, the minimum rises rapidly
as wind intensifies, especially in tighter blocks; and for
crosswinds, the optimal time surface undulates, reflecting the
stochastic effects of lateral gusts.

Fig. 13 summarizes the trade-off between flight time
(x-axis) and success rate (y-axis) under three wind-route
relations: tailwind, headwind, and crosswind. Colored points
are individual trials from the three policies (Aggressive,
Balanced, Cautious). The black curve in each panel is the
non-dominated (Pareto front) computed across all points and
modes; it marks solutions where time cannot be reduced
without lowering success, and success cannot be increased
without taking more time. Overall, tailwinds cluster more
trials at shorter times with comparable success, pushing the
front leftward. Headwinds shift the cloud rightward, indi-
cating longer times are typically required to maintain high
success. Crosswinds fall between these cases with a broader
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FIGURE 10. The flight times in each grid of the crosswind condition.

spread. Aggressive trials tend to populate the fast-but-riskier
region; Balanced and Cautious increasingly dominate the
upper envelope as success targets rise. These fronts provide a
principled boundary for selecting or switching modes given a
desired time-success operating point.

Fig. 14 shows the best flight mode for each condition.
This heatmap visualizes the true optimal mode: aggres-
sive, balanced, or cautious, as determined directly from
our simulation data. For each wind orientation, we plot
the mode that achieved the minimum flight time at every
combination of wind speed and building density. In the along-
wind map, aggressive mode dominates in open areas and
light tailwinds, balanced mode occupies moderate densities
and speeds, and cautious mode only appears under strong
tailwinds in the densest blocks. Under headwinds, cautious
mode is never optimal, with aggressive taking over at lower
densities and speeds, and balanced becoming best in tightly
built zones with strong opposing gusts. In the perpendicular-
wind plot, aggressive prevails across most conditions, while
cautious emerges in high-density, mid-speed corridors, and
balanced is restricted to very sparse, low-wind regions. These
ground-truth surfaces define the target decision boundaries
that the LLM is trained to approximate.

C. LLM-INTEGRATED PERFORMANCE ANALYSIS

To evaluate the effectiveness of our LLM-driven decision
maker, we ran 1,000 evaluation trials per mode, as well
as the LLM-Integrated mode. For each trial, we combined
different grids together to make sure the whole flight route
consisted of different building layouts. Besides, we changed
the wind speed and direction during the flight to increase the
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FIGURE 12. The minimum flight time in each wind condition heatmaps.

variety of the environment. Finally, we collect all the flight
information and do the statistical analysis. Fig. 15 shows
the LLM’s mode-selection performance on our held-out test
set. In the confusion matrix, about 90 % of cases lie on
the diagonal, indicating correct predictions for aggressive,
balanced, and cautious profiles. The remaining off-diagonal
entries reveal occasional mix-ups primarily between neigh-
boring modes, reflecting the subtle continuum of risk-speed
trade-offs. The adjacent bar chart condenses these results
into per-mode precision, recall, and F1 scores, all of which
fall within the 80-90 % band. Aggressive mode achieves
the highest consistency, while balanced and cautious modes
exhibit slightly lower metrics. In summary, these views con-
firm that the fine-tuned LLM reliably captures the complex
mapping from environmental context and recent flight his-
tory to the Pareto-optimal navigation policy, making it a
robust meta-decision engine in our multi-mode drone control
framework.

We also benchmarked different methods on 10 composite
routes, each executed 10 times per method under identical
initial states, wind profiles, and sensor-noise seeds so that the
only difference is the decision policy. For fair comparison,
our baselines comprise (i) three single-policy PPO agents
trained with the same architecture and environment but fixed
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FIGURE 14. Heatmaps of the mode achieving minimum flight time at
each combination of wind speed and building density for tailwind,
headwind, and crosswind conditions.

reward scalings (aggressive, balanced, cautious), (ii) a unified
PPO agent trained with a scalarized objective, (iii) a k-nearest
neighbor (k = 1,3) classifier over the same feature vector,
and (iv) a zero-shot LLM using the same prompt format
but without fine-tuning. All baselines were evaluated under
identical wind profiles, building layouts, and random seeds to
isolate the effect of the selector. As summarized in Table 5,
the table reports mode-label accuracy, average flight time,
success rate, and energy. Our LLM selector is near-optimal
to the precomputed ground truth: 52.1 s vs. 49.3 s average
time, 89% vs. 90% success, and 1.75 vs. 1.73 Wh energy,
with 86.2% agreement with the oracle’s mode recommen-
dations. It also outperforms all deployable baselines: zero-
shot LLM (57.9 s, 84%, 1.85 Wh), k-NN (k = 1: 56.7 s,
85%, 1.84 Wh; k = 3: 54.3 s, 87%, 1.77 Wh), and a unified
PPO policy (56.7 s, 83%, 1.88 Wh). As expected, single-
policy baselines illustrate the time-safety-energy trade-
off: Aggressive is fastest but least safe/efficient (48.5 s,
76%, 2.09 Wh), Cautious is safest but slowest (60.1 s,
85%, 2.10 Wh), and Balanced sits between (54.5 s, 81%,
1.80 Wh).

Fig. 16 shows the route-level trade-offs that underline
Table 5. Each point is a run from one of the nine meth-
ods; the x-axis is flight time, and the left/right panels plot
energy and success rate, respectively. The black curve is the
Pareto front (left: minimize time & energy; right: minimize
time & maximize success). As expected, the ground-truth
oracle anchors the front. Our LLM selector forms a tight
cluster close to these oracle points on both panels, indi-
cating a near-optimal time-energy-success balance across
routes. In contrast, zero-shot LLM and k-NN baselines are
more dispersed and lie farther from the frontier, while the
unified PPO lags in both success and energy. The three
fixed policies show the characteristic trade-offs: Aggressive
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achieves low time but higher energy and lower success;
Cautious yields high success but longer time and higher
energy; Balanced sits between them. Overall, the LLM selec-
tor consistently occupies the desirable region near the Pareto
boundary, confirming that online mode selection delivers
the best deployable compromise among time, success, and
energy.
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TABLE 5. Comparison across different methods: Oracle, LLM selector, and
baselines.

Method Mode-label Avg. Success Energy
accuracy flight rate (%) (Wh)
(%) time (s)

Ground-truth 100 49.3 90 1.73

LLM selector | 86.2 52.1 89 1.75

(ours)

LLM zero-shot | 61.5 57.9 84 1.85

k-NN (k=1) 79.5 56.7 85 1.84

k-NN (k=3) 82.3 54.3 87 1.77

Fixed policy | 42.6 48.5 76 2.09

(Aggressive)

Fixed  policy | 33.9 54.5 81 1.80

(Balanced)

Fixed  policy | 23.5 60.1 85 2.10

(Cautious)

Unified PPO | - 56.7 83 1.88

policy

VI. CONCLUSION

In this paper, we presented a novel multi-mode reinforce-
ment learning framework enhanced by a LLM for adaptive
drone navigation in challenging urban wind conditions. Our
approach begins by decomposing the control problem into
three specialized policies (aggressive, balanced, and cau-
tious), each trained via PPO with carefully tuned, mode-
specific reward functions that emphasize different trade-offs
between speed, safety, and energy consumption. Rather than
relying on a single monolithic controller, this triad of agents
collectively spans the Pareto frontier, ensuring that no single
policy must excel at all objectives simultaneously. We vali-
dated these policies through over 30,000 simulated missions
covering 25 distinct grid cells, 4 principal wind headings, and
10 discrete wind-speed levels. These experiments revealed
that the best flight profile varies dramatically with local build-
ing density, wind magnitude, and wind orientation. To auto-
mate the selection among these learned behaviors, we fine-
tuned a pre-trained LLM on ten thousand environment-
performance tuples. Each tuple pairs a compact feature vec-
tor, encompassing building density, wind speed, wind direc-
tion, battery status, and prior flight-history summaries, with
the index of the policy that yielded the shortest mission time
under those conditions. Once deployed, the language model
ingests real-time sensor outputs and recent performance met-
rics and outputs the recommended navigation mode without
any manually crafted thresholds. This LLM-driven decision
maker seamlessly blends the corresponding reinforcement
learning policy at each decision step, enabling the drone
to transition on the fly between high-speed dashes, energy-
efficient cruising, or conservative obstacle avoidance. The
proposed framework directly addresses the brittleness and
opacity of single-policy RL noted in the introduction by
combining Pareto-optimal mode training with a transparent
LLM selector. Our empirical results demonstrate that this
meta-decision strategy reduces average flight times by up to
16%, lowers collision rates by 50%, and improves energy
efficiency by 18% compared to single-policy baselines, all
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TABLE 6. Grid-search results for reward-scaling parameters.

k 1 k2 k3 Mean Flight Time (s)  Std Flight Time (s)  Collision Rate (%) Success Rate (%) Energy (Wh)
0.5 0 0 67.7 8 13.5 86.5 1.84
0.5 0 1 69.1 9.5 8.2 91.8 1.76
0.5 0 2 73.7 6.3 4.5 95.5 2.04
0.5 1 0 62.9 5.4 14.6 85.4 1.78
0.5 1 1 64.3 9.4 9.3 90.7 1.7
0.5 1 2 68.9 5.7 5.6 94.4 1.98
0.5 2 0 59.7 8.9 16.5 83.5 1.92
0.5 2 1 61.1 9.7 11.2 88.8 1.84
0.5 2 2 65.7 53 7.5 92.5 2.12
1 0 0 63.4 79 14.7 85.3 1.74
1 0 1 64.8 5.8 9.3 90.7 1.66
1 0 2 69.4 6 5.7 94.3 1.94
1 1 0 58.6 8 15.8 84.2 1.67
1 1 1 60 6.6 10.5 89.5 1.6
1 1 2 64.6 6.3 6.8 93.2 1.88
1 2 0 554 5.7 17.7 82.3 1.82
1 2 1 56.8 5.1 12.3 87.7 1.74
1 2 2 61.4 8 8.7 91.3 2.02
1.5 0 0 59.4 9.2 16.2 83.8 1.72
1.5 0 1 60.8 9.4 10.9 89.1 1.64
1.5 0 2 65.4 8.2 7.2 92.8 1.92
1.5 1 0 54.6 57 17.3 82.7 1.66
1.5 1 1 56 7.2 12 88 1.58
1.5 1 2 60.6 8.3 8.3 91.7 1.86
1.5 2 0 514 9 19.2 80.8 1.8
1.5 2 1 52.8 10 13.9 86.1 1.72
1.5 2 2 57.4 7 10.2 89.8 2

2 0 0 55.8 9.3 18.2 81.8 1.8
2 0 1 57.2 6 12.8 87.2 1.72
2 0 2 61.8 9.6 9.2 90.8 2

2 1 0 51 9.7 19.2 80.8 1.74
2 1 1 52.4 6.6 14 86 1.66
2 1 2 57 53 10.2 89.8 1.94
2 2 0 47.8 59 21.2 78.8 1.88
2 2 1 49.2 10 15.8 84.2 1.8
2 2 2 53.8 6.9 12.2 87.8 2.08
3 0 0 50 5.9 232 76.8 222
3 0 1 514 6.1 18 82 2.13
3 0 2 56 6.4 14.2 85.8 242
3 1 0 45.2 57 243 75.7 2.15
3 1 1 46.6 6.8 19 81 2.08
3 1 2 51.2 5.4 153 84.7 2.36
3 2 0 42 8.5 26.2 73.8 2.3
3 2 1 43.4 6.4 21 79 2.22
3 2 2 48 9.4 17.2 82.8 2.5

while maintaining nondominated performance on the Pareto
surface. Beyond these quantitative gains, the decision maker
generalizes robustly to novel wind patterns and previously
unseen obstacle layouts, highlighting the promise of lever-
aging language models to capture complex environment-to-
policy mappings without bespoke heuristics. Beyond raw
performance, the chief value of our approach is the LLM’s
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role as a human-drone mediator. Instead of emitting low-
level actions, the LLM operates as a policy-over-policies
selector that translates operator intent into mode choices and
explains those choices in plain language. This enables mixed-
initiative control: an operator can state priorities (e.g., favor
safety, conserve energy, meet a time window), pose ‘“what-
if” questions, or add mission rules, and the LLM reconciles
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these preferences with onboard state to choose among pre-
verified controllers. Because decisions come with rationales
and explicit constraints (geofences, altitude caps, fail-safes),
the system is easier to audit, safety-gate, and adapt than
monolithic policies or offline lookup oracles.

Despite encouraging results, our evaluation is simulation-
only, so external validity remains limited and the sim-to-
real gap is not yet quantified. All experiments were run in
a stylized Midtown Manbhattan replica; while useful for con-
trolled studies, it cannot capture the full geometric diversity
of real cities or the dynamics introduced by moving vehicles,
pedestrians, and time-varying obstacles. Likewise, our wind
fields were derived from steady-state CFD and then applied
as spatially varying but temporally static gust zones; real
atmospheric conditions exhibit unsteady turbulence, shear,
vortices, and microbursts on sub-second timescales. Sensor
and actuator models omit some field effects (latency spikes,
dropouts, actuator saturation, and wear), and all results are for
a single vehicle type with a single meta-controller architec-
ture, leaving multi-platform generality untested. To address
these limitations, we will (i) expand the simulator with
dynamic agents (UAV traffic, crowds), time-varying winds
driven by stochastic gust models, sensor/actuator faults
and communication latency (GPS jitter, IMU bias, LiDAR
dropout, packet loss), procedural cross-city layouts to test
morphology shifts, and cross-simulator replication to assess
portability; (ii) apply domain randomization and system iden-
tification from short real flights to better match sim dynamics;
and (iii) pursue staged real-world validation: hardware-in-
the-loop (closed-loop with fan arrays/wind box), tethered
indoor flights in motion capture, and outdoor trials along
urban corridors with GNSS multipath and network vari-
ability, under standard safety measures (geofences, pilot-
in-the-loop failsafe, kill switch). Across these stages we
will report flight time, collision rate, energy draw, infer-
ence latency, and mode-switch stability (frequency, dwell),
and release logs for independent analysis. Beyond envi-
ronmental realism, we will evaluate alternative selectors
(smaller decision models, graph/neuro-symbolic controllers),
test on-board compute budgets (quantization, context length
constraints), and extend to multi-drone missions (coordi-
nation, no-fly-zone compliance). Finally, we plan to auto-
mate reward-weight selection (e.g., Bayesian/multi-objective
search), explore continuous mode interpolation instead of
three discrete modes, and develop explainable selection sum-
maries to support operator trust. This roadmap explicitly tar-
gets the simulation-only limitation and is intended to produce
defensible evidence of robustness and transfer in operational
settings.

In summary, this work establishes a novel paradigm
for autonomous drone navigation by uniting specialized
reinforcement learning policies with an LLM-based meta-
controller that dynamically selects Pareto-optimal strategies.
Our experiments validate the efficacy of language models in
capturing complex trade-off surfaces and making real-time
decisions that improve speed, safety, and energy efficiency.
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By addressing the identified limitations and pursuing the out-
lined future directions, we believe this framework can evolve
into a robust, generalizable solution for next-generation
multi-modal robotics, enabling truly adaptive, context-aware
autonomy in the real world.

APPENDIX A
See Table 6
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