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Abstract

Existing Unmanned Aerial Vehicle (UAV)001
Vision-Language Navigation (VLN) datasets002
face issues such as dependence on virtual en-003
vironments, lack of naturalness in instructions,004
and limited scale. To address these challenges,005
we propose AirNav, a large-scale UAV VLN006
benchmark constructed from real urban aerial007
data, rather than synthetic environments, with008
natural and diverse instructions. Additionally,009
we introduce the AirVLN-R1, which combines010
Supervised Fine-Tuning and Reinforcement011
Fine-Tuning to enhance performance and gen-012
eralization. The feasibility of the model is pre-013
liminarily evaluated through real-world tests.014
Our dataset and code are publicly available.1015

1 Introduction016

In recent years, unmanned aerial vehicle (UAV)017

vision-and-language navigation (VLN) has at-018

tracted increasing research attention. Compared019

to rule-based navigation, language-guided naviga-020

tion allows UAVs to autonomously perform diverse021

tasks in complex environments, such as emergency022

rescue and urban patrol, demonstrating broad ap-023

plication prospects.024

To facilitate research on this task, several repre-025

sentative benchmarks have been proposed, such as026

CityNav (Lee et al., 2024) and OpenUAV (Wang027

et al., 2024). These datasets have promoted028

progress in this field. However, significant chal-029

lenges remain in terms of real-world generalization030

and deployment. First, most existing datasets are031

collected from simulated environments (synthetic032

or game-engine-based). Although such settings033

offer high controllability, they fail to capture the034

complex spatial structures and rich texture details035

of real scenes, resulting in limited transferability036

under real-world conditions. Second, language in-037

structions in datasets often lack naturalness and038
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diversity. Some datasets only provide target de- 039

scriptions while ignoring critical intermediate cues 040

during navigation, such as landmark references and 041

conditional behaviors, which restricts the model’s 042

semantic reasoning ability for path planning. Other 043

datasets include procedural descriptions but rely 044

heavily on template-based generation, leading to 045

monotonous language styles and rigid expressions 046

that do not reflect realistic language usage in real- 047

world. Finally, existing datasets are generally lim- 048

ited in scale, which hinders the training and com- 049

prehensive evaluation of large-scale models. 050

To address these limitations, we propose AirNav, 051

a large-scale UAV VLN benchmark constructed 052

from real urban aerial data. Compared with existing 053

work, AirNav offers several key advantages. First, 054

it is built upon realistic and reliable data sources, 055

leveraging real aerial images that cover diverse 056

urban structures and navigation routes, thereby pro- 057

viding highly realistic challenges for spatial percep- 058

tion. Second, AirNav features natural and diverse 059

instructions. Each instruction covers the complete 060

navigation process and is collaboratively generated 061

by humans and large language models (LLMs). 062

By incorporating different user personas, the in- 063

structions simulate natural language expressions 064

encountered in real-world usage scenarios. Finally, 065

AirNav features 143K high-quality navigation sam- 066

ples, making it unprecedented in task scale and 067

evaluation scope. 068

The main contributions of this work are summa- 069

rized as follows: 070

1. AirNav benchmark dataset: We construct 071

a large-scale UAV VLN dataset from real urban 072

aerial data, featuring natural and diverse language 073

instructions. 074

2. Systematic evaluation of representative 075

methods: We evaluate a wide range of approaches, 076

including traditional models and multimodal large 077

language models (MLLMs), and provide unified 078

evaluation metrics and code implementations to 079
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facilitate further research.080

3. AirVLN-R1 navigation model: We pro-081

pose the AirVLN-R1 using a two-stage training082

paradigm that combines Supervised Fine-Tuning083

(SFT) and Reinforcement Fine-Tuning (RFT),084

achieving state-of-the-art performance with strong085

generalization.086

4. Real-world UAV deployment: We deploy087

AirVLN-R1 on a real UAV platform and evaluate088

its performance in real-world environments, pro-089

viding initial evidence of the feasibility and consis-090

tency of sim-to-real transfer.091

2 Related Work092

As related research has progressed, a series of093

benchmarks have been proposed, providing a094

foundation for the evaluation of UAV VLN. Ta-095

ble 1 presents a comparison of existing UAV096

VLN datasets. These benchmarks exhibit differ-097

ent research emphases. Some datasets are con-098

structed from real-world aerial imagery, rather099

than simulation-based virtual environments, offer-100

ing higher visual realism and greater scene diver-101

sity. Others introduce explicit sub-goals, making102

them well suited for analyzing the alignment be-103

tween language understanding and action decision-104

making. However, these datasets typically struggle105

to simultaneously support complex real-world en-106

vironments, complete and natural navigation pro-107

cesses, and large-scale evaluation. Detailed analy-108

ses of the strengths and limitations of each dataset109

are provided in the Appendix A. To advance UAV110

VLN in real-world settings, we propose AirNav,111

a large-scale benchmark with natural instructions,112

enabling comprehensive evaluation of navigation113

models in complex urban environments.114

3 AirNav benchmark115

3.1 Task Definition116

The UAV VLN task guides a UAV to complete nav-117

igation missions in environments using language118

instructions. Starting from an initial position, the119

agent interacts with the environment over multiple120

steps of "Perception-Decision-Execution", during121

which it repeatedly predicts a series of action se-122

quences that guide the UAV to the target.123

We formulate this task as a partially observable124

sequential decision-making problem. At step t, the125

agent receives the multimodal observation:126

O≤t = {v1, . . . , vt; St; A1:t−1; L},127

where vi denotes the first-person image captured 128

by the UAV at step i, St represents the current 129

UAV state including its spatial position and heading 130

angle, A1:t−1 is the sequence of actions executed 131

from the start up to the previous step, and L denotes 132

the instruction describing the target and providing 133

path-related cues. 134

The agent is required to learn a policy function π 135

that, at each step t, generates an action sequence Ât 136

conditioned on the accumulated observation O≤t: 137

Ât = π(O≤t), Ât = {a(1)t , a
(2)
t , . . . , a

(k)
t }, 138

where a
(i)
t denotes the i-th action in the sequence, 139

and k is the number of actions predicted at the 140

current step. The model can output a variable- 141

length sequence of discrete actions at each step, 142

with possible actions including forward, turning 143

left, turning right, and stop. 144

Success Criteria. The task is considered success- 145

ful if, after the UAV has completed the navigation, 146

the Euclidean distance between its final position 147

and the target location is smaller than a predefined 148

threshold (e.g., 20 meters). 149

Metrics. To comprehensively evaluate naviga- 150

tion accuracy and path efficiency, we follow stan- 151

dard VLN evaluation protocols (e.g., SOON (Zhu 152

et al., 2021), CityNav (Lee et al., 2024)) and adopt 153

the following metrics: Navigation Error (NE), Suc- 154

cess Rate (SR), Oracle Success Rate (OSR), and 155

Success weighted by Path Length (SPL). Detailed 156

definitions are provided in Appendix B. 157

3.2 Benchmark Construction 158

We propose a four-step pipeline for benchmark 159

construction, as shown in Fig. 1. 160

Data Sources and Environment AirNav is built 161

upon the SensatUrban (Hu et al., 2022) and CityRe- 162

fer (Miyanishi et al., 2023) datasets. SensatUrban 163

provides high-density 3D point cloud data with rich 164

geographic structures, covering two cities, Cam- 165

bridge and Birmingham. CityRefer supplements 166

natural language descriptions for objects appear- 167

ing in the SensatUrban. The environment is con- 168

structed based on the CityFlight (Lee et al., 2024), 169

which aligns the SensatUrban data with Open- 170

StreetMap. CityFlight forms an interactive flight 171

environment and provides interfaces for accessing 172

various types of information, such as environmen- 173

tal images and object coordinates. SensatUrban, 174
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Dataset Collection Env. Action Space Dataset Size Sub-goals Instruction Naturalness Vocabulary Size

LANI (Misra et al., 2018) Virtual 2 DoF 6,000 Yes Medium 2.3K
AVDN (Fan et al., 2022) Real-world 3 DoF 3,064 Yes Medium 3.3K

AerialVLN (Liu et al., 2023) Virtual 4 DoF 8,446 Yes Medium 4.5K
CityNav (Lee et al., 2024) Real-world 4 DoF 32,637 No N/A 6.4K

OpenUAV (Wang et al., 2024) Virtual 6 DoF 12,149 No N/A 10.8K
OpenFly (Gao et al., 2025) Virtual + Real-world 4 DoF 100k Yes Medium 15.6K

AirNav (Ours) Real-world 4 DoF 143k Yes High 20.7K

Note. Here, Real-world refers to the use of real aerial data (e.g., point clouds and maps), rather than synthetic or game-engine-based environments.

Table 1: Comparison of UAV VLN benchmarks.

CityRefer, and CityFlight are all released under the175

MIT License.176

Step 1: Start and Target Selection. The start177

point is randomly sampled from the map as a feasi-178

ble coordinate to initialize the navigation episode.179

A geographical object with well-defined spatial180

boundaries is selected as the navigation target. Us-181

ing a MLLM, a natural language description of the182

target is generated from the endpoint’s perspective,183

and samples with ambiguous or confusing target184

descriptions are filtered out.185

Step 2: Landmark Planning. Given the selected186

start and target locations, the MLLM is prompted to187

identify representative geographic objects between188

them and generate corresponding descriptions as189

intermediate landmarks. To preserve perceptual190

continuity along the route, we impose a maximum191

distance constraint between consecutive landmarks192

and discard samples in which landmarks are overly193

sparse. In addition, we perform semantic refine-194

ment for landmarks. For each landmark, the model195

further verifies the factual correctness of its descrip-196

tion and rewrites it to ensure semantic clarity and197

disambiguation.198

Step 3: Trajectory Synthesis. For each pair of199

consecutive nodes, such as the start point and the200

first landmark or two adjacent landmarks, we apply201

a look-ahead strategy (Liu et al., 2023) to gener-202

ate an executable action sequence for the corre-203

sponding path segment. All segment-level action204

sequences are then concatenated to form a complete205

trajectory that spans from the start to the target.206

Step 4: Instruction Generation. The trajectory,207

map, and the spatial positions and semantic de-208

scriptions of all nodes are provided as inputs to a209

MLLM, which generates navigation instructions210

covering target descriptions, path guidance, spatial211

relations, and trigger conditions. To model linguis-212

tic realism and diversity, following principles from213

User-Centered Design (Norman, 2013; Pruitt and214

Grudin, 2003) and sociolinguistic studies on lin- 215

guistic variation (Labov, 1973; Tagliamonte, 2011), 216

we construct 10 representative user personas (see 217

Appendix C) based on age group, social role, and 218

expression preferences, covering typical urban nav- 219

igation scenarios and diverse language styles. Dur- 220

ing instruction generation, persona-specific settings 221

are incorporated to guide the MLLM to produce 222

navigation instructions with diverse language styles 223

and variations in expression. To further improve 224

linguistic naturalness, human-authored real naviga- 225

tion instructions are included as few-shot examples 226

within the prompt. 227

The generated instructions are subject to man- 228

ual sampling and review, and feedback from this 229

process is used to iteratively refine the pipeline. 230

3.3 Dataset and Instruction Analysis 231

Dataset Splits. Following evaluation protocols 232

in prior UAV VLN benchmarks (Liu et al., 2023; 233

Lee et al., 2024), we split the AirNav dataset into 234

four subsets: Train, Validation Seen (val-seen), Val- 235

idation Unseen (val-unseen), and Test Unseen (test- 236

unseen). The val-seen split shares the same environ- 237

ments as Train and is used to evaluate model per- 238

formance in known scenes, while val-unseen and 239

test-unseen are sampled from novel environments 240

to assess generalization under unseen conditions. 241

Fig. 2 (a) summarizes key statistics for each subset, 242

including the number of trajectory descriptions, the 243

number of scenes, and the distribution of samples 244

across different difficulty levels. 245

Distance Distribution and Task Difficulty. To 246

systematically evaluate performance under varying 247

levels of task complexity, we categorize task diffi- 248

culty based on the spatial length of navigation paths. 249

Statistical analysis of the training set shows that the 250

33rd percentile and 66th percentile of path lengths 251

are 135 meters and 235 meters, respectively. Based 252

on these thresholds, navigation paths are catego- 253

rized as Easy (< 135m), Medium (135–235m), and 254

Hard (≥ 235m). Fig. 2 (b) presents the distance 255
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Start & Target Selection

Filter
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Look-Ahead

Instruction Generation

Instruction

Move forward until you arrive 
at a parking lot located in a 
narrow courtyard. Then turn 
left and keep going until you 
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large trees. Next, turn right 
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forward until you reach it, 

and then stop.
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Actions
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Target
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A red-brick house with gray 
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StartCityRefer
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Figure 1: Overview of the AirNav Benchmark Construction Pipeline.

distributions for different difficulty categories over256

the entire evaluation set, including the validation257

and test splits.258

Number of Intermediate Landmarks. Fig. 2259

(c) reports the number of intermediate landmarks260

included in each trajectory. We observe that most261

trajectories contain between 2 and 6 landmarks,262

with configurations involving 4 to 5 landmarks be-263

ing the most prevalent. This structured path design264

facilitates step-wise modeling of the navigation pro-265

cess and enables models to more effectively extract266

path cues and intermediate goals from instructions,267

thereby enhancing spatial-semantic alignment.268

Instruction Length and Vocabulary Statistics.269

To analyze the complexity and diversity of the in-270

structions, we examine the distributions of instruc-271

tion length and vocabulary usage across the dataset.272

As shown in Fig. 2 (d), instruction lengths span a273

wide range, with a peak around 100 words. The274

dataset includes both concise instructions with com-275

pact structures and longer instructions that provide276

detailed descriptions of intermediate operations, re-277

flecting the coexistence of different information278

densities and narrative granularities. In addition,279

AirNav exhibits a vocabulary size of 20.7k, which280

is significantly larger than that of existing UAV281

VLN datasets, indicating higher linguistic diversity282

and reduced repetition in instruction expressions.283

A word cloud analysis further shows that direc-284

tional and action-related terms such as “forward”,285

“move”, “left”, and “right” appear frequently, high-286

lighting the strong reliance of the instruction lan-287

guage on spatial relations and motion semantics.288

Persona-conditioned Instruction Characteris-289

tics. AirNav explicitly models instruction diver-290

sity through the introduction of user personas. This291

design captures systematic differences among user292

groups in both instruction length and information293

organization, providing a more comprehensive rep-294

resentation of human instruction behaviors across295

varying information densities and narrative granu-296

larities. As illustrated in Figure 2 (e), distinct per-297

sonas show clear separation in the median values298

and distribution ranges of instruction length. For 299

example, retired elder tend to produce longer and 300

more explanatory instructions, whereas students or 301

advanced navigation users generally prefer concise 302

expressions. In Appendix D, we further conduct a 303

case-study analysis of instructions generated under 304

different personas. 305

Instruction Naturalness Analysis. To evaluate 306

the instruction naturalness of the AirNav dataset, 307

we conduct an automated assessment using a LLM 308

and compare the results with existing benchmarks. 309

The evaluation focuses on whether an instruction 310

is natural, whether it provides actionable and exe- 311

cutable route guidance that supports practical navi- 312

gation, and whether its linguistic style aligns with 313

how real users typically express navigation requests 314

in realistic scenarios. For each dataset, we ran- 315

domly sample 2,000 instructions and evaluate them 316

using a unified scoring prompt (see Appendix E) 317

with the same LLM (GPT-4o). It is worth not- 318

ing that datasets whose instructions only describe 319

the target object, without any intermediate path 320

or process-level guidance, are excluded from the 321

naturalness evaluation to avoid unfair comparisons. 322

Scores are given on a discrete 5-point scale, from 1 323

(very unnatural) to 5 (very natural). To reduce ran- 324

domness introduced by single-pass evaluation, each 325

instruction is independently scored three times, and 326

the final score is obtained by averaging the three 327

results. Furthermore, we conduct a human anno- 328

tation study for calibration. The analysis of inter- 329

annotator agreement and human–LLM score corre- 330

lation suggests that LLM-based automatic evalua- 331

tion is highly consistent with human judgments in 332

instruction naturalness assessment, supporting its 333

use for large-scale analysis (see Appendix F). 334

The results are summarized in Figure 2 (f). Air- 335

Nav achieves the highest naturalness score (3.75), 336

significantly outperforming all other benchmarks. 337

This gap indicates that instructions in AirNav more 338

closely resemble natural language requests from 339

real users, rather than relying on templated for- 340

mulations or decomposed action sequences. In 341
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Appendix G, we present a case-study analysis of342

instructions from different datasets.343

4 AirVLN-R1 Model344

4.1 Overall Architecture345

We model the UAV VLN task as a multi-step346

"Perception-Decision-Execution" loop. As shown347

in Fig. 3, at each step, the model receives multi-348

modal input and predicts a sequence of actions to349

control the UAV’s movement, continuing until the350

output is stop or the maximum number of steps351

is reached. To enhance the model’s performance,352

we further optimize the model through a dedicated353

training strategy.354

4.2 Input, Output and Prompt Design355

4.2.1 Input356

At each step, the AirVLN-R1 model processes mul-357

timodal inputs, which include both textual and vi-358

sual information.359

For the textual input, it consists of the follow-360

ing three components: (1) Instruction: A natu-361

ral language description of the target location and362

path clues; (2) Current State: The UAV’s coor-363

dinates and heading angle; (3) Historical Action364

Sequence: The sequence of actions already exe-365

cuted by the UAV from the starting point to the366

current step.367

The visual input provides the perception of the368

surrounding environment, including: (1) Current369

View Image: An image captured from the UAV’s370

first-person perspective at the current step; (2) His-371

torical View Images: A set of key images selected372

from historical observations to construct a visual373

memory. To control the input size and enhance374

information efficiency, we adopt a Progressive In-375

terval Sampling strategy for visual memory con-376

struction. See Section 4.3 for details.377

4.2.2 Output378

The model outputs a variable-length sequence of379

up to 8 discrete actions, representing the actions380

required to proceed from the current state.381

4.2.3 Prompt Design382

We design a structured prompt template specifying383

the task role, input structure, output requirements,384

and action space definition, with the complete tem-385

plate provided in Appendix H.386

4.3 Historical View Image Selection 387

Directly incorporating the full sequence of histor- 388

ical view images introduces substantial input re- 389

dundancy and computational overhead. To address 390

this issue, we propose a lightweight historical view 391

image sampling mechanism—Progressive Inter- 392

val Sampling, which preserves dense observations 393

from recent steps while sparsely sampling distant 394

ones, thereby reducing the historical input size 395

without losing critical contextual information. 396

At step t, we select at most N historical view 397

images from the past observations. Sampling starts 398

from the most recent view and proceeds back- 399

ward with an interval that grows linearly over time. 400

Specifically, the offset of the i-th selected historical 401

view is defined recursively as: 402

si = si−1 + i, s−1 = 1, i = 0, 1, . . . , N − 1. 403

Based on the offsets {si}, the visual memory at 404

step t is constructed as: 405

Ht = {vt−si | 0 ≤ i ≤ N − 1, t− si ≥ 1}, 406

where vt−si represents the view image captured at 407

step t− si. 408

4.4 Training Paradigm 409

To enhance the model’s perceptual understand- 410

ing and decision–making capability, AirVLN-R1 411

adopts a two-stage training paradigm inspired by 412

DeepSeek-R1 (DeepSeek-AI et al., 2025), consist- 413

ing of SFT followed by RFT. 414

4.4.1 Supervised Fine-Tuning 415

In the first stage of training, we perform end-to- 416

end supervised learning on the constructed training 417

dataset, guiding the model to build a mapping from 418

multimodal perceptual inputs to executable action 419

sequences. Specifically, following the input for- 420

mat and prompt template defined in Section 4.2, 421

the model performs next-token prediction to gen- 422

erate the action sequence. The training process 423

adopts cross-entropy loss as the objective, minimiz- 424

ing the discrepancy between the model’s outputs 425

and the reference trajectories, thereby optimizing 426

the model parameters. 427

4.4.2 Reinforcement Fine-Tuning 428

From a decision-making perspective, UAV VLN 429

requires the agent to (i) make consistent progress to- 430

ward intermediate subgoals, (ii) reliably determine 431

when to terminate the episode, and (iii) generate 432
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(a) Dataset Split Sets (c) Landmark Count

(e) Instruction Length by Persona (f) Naturalness Score(d) Instruction Length

(b) Distance to goal

Figure 2: Dataset Analysis and Instruction Naturalness of AirNav.

valid outputs. To explicitly capture these require-433

ments, we design a multi-objective reward function,434

where each reward component corresponds to one435

of the above decision objectives. We use Group436

Relative Policy Optimization (GRPO) to optimize437

the policy.438

1. Subgoal State Alignment Reward The UAV439

state at each intermediate subgoal of the trajectory440

represents a reasonable position and heading angle441

achieved by executing a sequence of expert actions.442

We aim for the model to approach these subgoal443

states through its own predicted action sequences.444

To this end, we design two rewards reflecting posi-445

tion proximity and heading angle alignment.446

(1) Distance-to-Subgoal This reward encour-447

ages the UAV to reduce its distance to the subgoal448

by executing the predicted action sequence at step t,449

resulting in a closer state at step t+ 1. The reward450

is defined as:451

rdis = max

(
dt − dt+1

dt + ϵ
, 0

)
,452

where dt denotes the Euclidean distance between453

the UAV and the subgoal before executing the pre-454

dicted action sequence at step t, and dt+1 denotes455

the distance after the execution. The reward is pos-456

itive when the UAV moves closer to the subgoal457

(i.e., dt+1 < dt); otherwise, it is set to zero.458

(2) Heading Angle Alignment This reward459

measures whether the UAV’s heading angle after460

executing the action sequence is aligned with the461

subgoal’s heading angle. Let ∆yaw denote the an-462

gular difference between the two headings, nor-463

malized to (−180◦, 180◦]. The reward is defined 464

as: 465

ryaw = max

(
1−

|∆yaw|
τyaw

, 0

)
, 466

where τyaw controls the tolerance range (e.g., 60◦). 467

2. Stop Consistency Reward. When the model 468

predicts the stop action, it implies that the policy 469

judges the navigation process should terminate. If 470

this judgement is incorrect, the UAV may either 471

stop too early or continue executing actions that de- 472

viate from the target, ultimately causing task failure. 473

To mitigate such errors, we define the following 474

reward mechanism: the reward is α if both the pre- 475

dicted and ground-truth action sequences end with 476

stop; the reward is β if neither the predicted nor 477

the ground-truth sequence ends with stop; other- 478

wise, the reward is 0. This reward encourages the 479

model to make clear stop decisions, mitigating both 480

early-stop and missed-stop behaviors. 481

3. Format Reward. To encourage the model to 482

produce outputs with correct structure and valid 483

syntax, we assign a constant reward rformat = γ 484

if the output is well-formed; otherwise, we set 485

rformat = 0. 486

Overall Reward Function Definition. The final 487

overall reward is obtained by linearly combining 488

all the aforementioned reward components: 489

rall = λ1 · rdis + λ2 · ryaw + rstop + rformat. 490
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Figure 3: Overview of the AirVLN-R1 architecture. The model receives multimodal inputs and predicts an action
sequence to control the UAV. A two-stage training paradigm is used to enhance performance.

5 Experiments491

5.1 Experimental Settings492

5.1.1 Baseline Models493

We select several representative baseline models,494

covering both traditional methods and MLLMs.495

Detailed information about these models can be496

found in Appendix I.497

5.1.2 Implementation Details of AirVLN-R1498

AirVLN-R1 is built upon Qwen2.5-VL-7B and499

trained on an 8×A100 GPU server. The hyper-500

parameter settings for both training stages are pro-501

vided in Appendix J.502

5.1.3 Real World Test503

To evaluate the performance and deployment ca-504

pability of the proposed AirVLN-R1 in real-world505

environments, we conducted a series of physical506

tests without any additional fine-tuning. The exper-507

iments covered two typical settings—indoor and508

outdoor—each containing 10 navigation tasks with509

varying levels of path complexity. Examples of510

real-world tasks, along with the details of the ex-511

perimental setup, are provided in Appendix K.512

5.2 Experimental Results513

5.2.1 Performances on AirNav Benchmark514

The comparative results on AirNav are shown in515

Table 2. Seq2Seq performs poorly, with high NE516

and low SR, failing to effectively handle complex517

scenarios. Although CMA shows some improve- 518

ment, its overall performance remains relatively 519

low. Among closed-source LLMs, GPT-4o per- 520

forms the best, but its generalization ability in un- 521

seen scenarios is limited. In contrast, the open- 522

source Qwen series shows impressive results, with 523

performance improving as the model size increases. 524

Particularly, Qwen3-VL-235B-A22B outperforms 525

other baseline models in most evaluation settings. 526

AirVLN-R1 achieves the best performance 527

across all metrics in the AirNav Benchmark. More 528

importantly, AirVLN-R1 demonstrates strong 529

cross-scene generalization. Unlike other models 530

that experience performance degradation when 531

transitioning from seen to unseen, AirVLN-R1 532

maintains relatively consistent performance on val- 533

unseen compared to val-seen, and achieves a lead- 534

ing SR of 51.75% in test-unseen. Notably, AirVLN- 535

R1, built upon Qwen2.5-VL-7B, achieves superior 536

performance compared to larger-scale models such 537

as Qwen2.5-VL-32B, underscoring the effective- 538

ness of task-specific supervision and RFT. 539

5.2.2 Ablation study 540

Impact of Different Training Paradigms. We 541

compare three training paradigms: SFT-only, RFT- 542

only, and SFT+RFT (AirVLN-R1). As shown in 543

Table 2: (1) SFT-only achieves significant overall 544

performance improvement, while its generaliza- 545

tion in unseen environments remains limited. 546

By introducing high-quality trajectory supervision, 547
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Method Validation Seen Validation Unseen Test Unseen
NE↓ SR↑ OSR↑ SPL↑ NE↓ SR↑ OSR↑ SPL↑ NE↓ SR↑ OSR↑ SPL↑

Random 222.3 0.79 5.59 0.71 225.0 0.72 4.57 0.64 218.9 0.77 5.31 0.67
Seq2Seq 321.5 1.58 9.50 1.40 348.8 0.92 9.35 0.72 336.1 1.28 10.31 1.08

CMA 185.9 5.13 15.96 4.73 203.6 4.03 15.71 3.62 190.3 4.48 17.06 4.03
Qwen2.5-VL-7B 183.1 1.82 2.18 1.68 194.1 1.57 1.74 1.38 186.2 1.65 1.88 1.46

Qwen2.5-VL-32B 161.6 3.02 3.36 2.73 172.1 2.64 2.94 2.36 164.4 2.84 3.09 2.52
Qwen3-VL-235B-A22B 157.6 5.50 9.12 5.12 169.1 5.18 8.32 4.66 157.1 4.94 7.98 4.48
LLaMA-3.2-11B-Vision 180.5 1.10 5.29 0.93 194.3 1.37 4.45 1.23 178.6 1.31 1.44 1.03

GPT-4o 155.4 4.53 8.53 4.07 165.8 4.13 7.06 3.71 157.9 4.29 7.48 3.88
GPT-5 151.2 2.87 3.19 2.59 157.0 2.52 2.62 2.20 154.4 2.62 2.79 2.34

Qwen2.5-VL-7B SFT-only 45.8 43.89 54.56 42.66 49.2 40.68 52.03 39.61 48.3 39.56 52.41 38.52
Qwen2.5-VL-7B RFT-only 165.7 2.33 4.75 2.10 175.0 2.07 3.86 1.82 165.8 2.31 4.39 2.03

AirVLN-R1 (Ours) 39.6 51.79 61.45 50.63 41.0 51.66 61.68 50.45 40.0 51.75 62.29 50.57

Table 2: Comparison of Model Performance Across Evaluation Scenarios

the model can more stably learn the mapping be-548

tween multimodal observation and action decision,549

leading to consistent improvements across metrics550

over the zero-shot baseline. However, as the train-551

ing objective mainly focuses on trajectory imita-552

tion, the model’s adaptability to unseen environ-553

ment is still constrained. (2) RFT-only exhibits554

limited performance and struggles to learn ef-555

fective strategies. Without SFT initialization, the556

model has difficulty generating valid trajectories557

at the early training stage, leading to highly sparse558

reward signals. As a result, the training process559

converges quickly and remains suboptimal policies,560

which limits further performance improvement. (3)561

SFT+RFT achieves the best and most stable per-562

formance. This training paradigm first provides a563

reliable initial navigation policy through SFT and564

then further refines decision-making via RFT. By565

combining the two stages, the training paradigm566

not only demonstrates strong base performance but567

also significantly enhances the model’s adaptability568

to unseen environments.569

Additional Ablations. Ablation studies on his-570

torical view image selection and reward design are571

provided in Appendix L.572

5.2.3 Performances on Real World Test573

We evaluate different methods in real-world test,574

with detailed results provided in Appendix M.575

Quantitative results and overall comparison.576

Traditional methods fail to complete any task in577

the real-world. In contrast, general MLLMs under578

zero-shot settings can only solve a very small num-579

ber of tasks. The stronger model GPT-4o shows a580

noticeable improvement, yet its overall SR remains581

limited. Compared with all baselines, AirVLN-582

R1 reaches SR= 6/20 and achieves the lowest NE583

(67.29), maintaining a consistent relative advantage584

in the real-world environment that aligns with the585

simulation evaluation.586

Resource Cost and Inference Efficiency. Tra- 587

ditional baselines exhibit low computational over- 588

head but completely fail in real-world navigation, 589

while large-scale MLLMs incur substantial latency 590

and hardware requirements, making real-time de- 591

ployment challenging. In contrast, AirVLN-R1 592

achieves the best real-world SR with moderate in- 593

ference latency and GPU memory consumption, 594

representing a more balanced and deployable so- 595

lution for UAV VLN. A detailed comparison of 596

computational cost and efficiency is provided in 597

Appendix O. 598

Failure modes and real-world challenges. 599

AirVLN-R1 still exhibits several failure modes un- 600

der practical conditions. We provide a detailed 601

analysis of these failure cases and real-world chal- 602

lenges in Appendix N. 603

6 Conclusion 604

This paper presents AirNav, a large-scale bench- 605

mark dataset and a unified evaluation framework 606

for UAV VLN. Built upon real-world urban aerial 607

data and natural, diverse language instructions, Air- 608

Nav systematically characterizes the comprehen- 609

sive capability requirements of UAV VLN across 610

perception, reasoning, and decision-making. We 611

further propose AirVLN-R1, which adopts a train- 612

ing paradigm that combines SFT and RFT, achiev- 613

ing significantly better performance than existing 614

methods while demonstrating strong generalization. 615

Moreover, real-world test validate the feasibility 616

and stability of AirVLN-R1 on actual UAV plat- 617

forms. We hope that AirNav can provide a more 618

realistic evaluation foundation for future research 619

and contribute to the advancement of this field. 620
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7 Limitations621

7.1 Limited Data Sources and Scenario622

Coverage623

AirNav is primarily constructed based on SensatUr-624

ban and CityRefer. While these data sources pro-625

vide high-fidelity urban scenes, their geographic626

coverage, urban styles, and infrastructure layouts627

are inherently constrained by the regions and an-628

notation schemes of the existing datasets. As a629

result, the generalization ability of models across630

different cities, countries, and seasonal conditions631

remains to be validated with more diverse data. In632

addition, aerial imagery often exhibits relatively633

fixed viewpoints and altitude distributions, which634

may not fully capture the more complex altitude635

variations, occlusion patterns, and extreme lighting636

conditions encountered in real-world UAV VLN637

tasks.638

7.2 Gap Between Discrete Action Modeling639

and Real Flight Control640

We adopt a discrete action set and allow the model641

to output an action sequence of up to eight steps642

at each step. This design facilitates stable training643

and fair comparison across methods, but it cannot644

fully represent the fine-grained motions and dy-645

namic constraints involved in real UAV continuous646

control. In long-horizon navigation or tasks requir-647

ing precise target approach, discrete actions may648

introduce trajectory approximation errors, thereby649

limiting the policy’s performance in complex ma-650

neuvering scenarios.651

7.3 Gap Between Simulation Evaluation and652

Real-World Deployment653

Although we conduct preliminary real-world flight654

experiments, the scale and environmental complex-655

ity of the current real-world evaluations remain656

limited. Moreover, differences between simulation657

and real UAV deployment persist in terms of per-658

ception noise, viewpoint variations, and control659

uncertainty. Consequently, performance improve-660

ments observed on the benchmark do not necessar-661

ily translate directly into stable gains in real-world662

settings. Further reducing the sim-to-real gap re-663

mains an important direction for future work.664

8 Ethical Considerations665

8.1 Privacy Risks in Urban Aerial Data666

AirNav relies on real-world urban scene data, and667

aerial imagery may implicitly contain sensitive668

areas or information related to human activities. 669

Although this work uses datasets intended for re- 670

search purposes, the release of the benchmark 671

and models should be handled with care to avoid 672

unintended use in unauthorized area localization, 673

surveillance, or privacy inference. 674

8.2 Reliability in Safety-Critical Applications 675

UAV VLN is a typical safety-critical application. 676

Even when a model performs well on benchmark 677

evaluations, real-world deployment may still suffer 678

from perception errors or instruction misinterpreta- 679

tion, potentially leading to collisions or entry into 680

hazardous areas. Therefore, the methods proposed 681

in this work should not be regarded as a complete 682

system that can directly replace human control, but 683

rather as components that need to be used in con- 684

junction with engineering-level safety mechanisms, 685

such as human intervention and geofencing. 686

8.3 Dual-Use Concerns and Potential Misuse 687

UAV VLN technology exhibits clear dual-use char- 688

acteristics. While it can support positive appli- 689

cations such as search-and-rescue and infrastruc- 690

ture inspection, it may also be misused for surveil- 691

lance, tracking, or other inappropriate purposes. 692

We emphasize that the benchmark and models are 693

intended solely for research and lawful applica- 694

tions, and we recommend clearly specifying usage 695

scope and restrictions when releasing code and 696

models to mitigate potential misuse risks. 697
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A Related Work988

This section provides a detailed analysis of rep-989

resentative UAV VLN benchmarks, summarizing990

their design characteristics as well as their strengths991

and limitations.992

LANI (Misra et al., 2018) is one of the earliest993

UAV VLN benchmarks. It is constructed in an open994

simulated environment and supports the evaluation995

of basic path-following capabilities. However, due996

to its simplified scenes and the lack of explicit997

spatial structure and photorealism, the overall task998

difficulty is relatively low, making it insufficient999

to reflect the complexity of real-world navigation1000

scenarios.1001

AVDN (Fan et al., 2022) introduces a multi-turn1002

natural language interaction mechanism that em-1003

phasizes human-robot collaboration. The dataset1004

is collected in real-world environments, which en-1005

hances the realism of language interactions. Nev-1006

ertheless, AVDN suffers from limited data scale1007

and relatively short navigation paths. Moreover, its1008

reliance on manually designed dialogue procedures1009

makes it difficult to directly apply to large-scale1010

evaluation settings.1011

AerialVLN (Liu et al., 2023) is constructed using1012

multiple simulated environments, and its instruc-1013

tion design explicitly includes intermediate naviga-1014

tion steps. This formulation facilitates the study of1015

alignment between language and actions. However,1016

as the dataset is entirely based on simulation, it1017

lacks the visual details of real urban environments,1018

making it challenging to evaluate model general-1019

ization performance under real-world conditions.1020

CityNav (Lee et al., 2024) is a large-scale dataset1021

sourced from real-world aerial imagery of urban1022

environments, offering strong realism in terms of1023

visual texture and scene diversity. However, its in-1024

structions mainly focus on target descriptions and1025

do not include intermediate navigation processes,1026

which limits its effectiveness in evaluating mod-1027

els’ spatial reasoning and step-by-step navigation1028

capabilities.1029

OpenUAV (Wang et al., 2024) is built on a high-1030

fidelity simulation platform that supports 6-DoF1031

flight and multi-view perception. Its instructions1032

are generated by LLMs and subsequently refined1033

by human annotators, resulting in task settings that1034

are closer to real navigation requirements. Nonethe-1035

less, the dataset remains dependent on virtual envi-1036

ronments, and its overall scale is relatively limited,1037

restricting coverage of complex and diverse real-1038

world scenarios. 1039

OpenFly (Gao et al., 2025) leverages multi- 1040

source rendering engines to achieve high visual 1041

diversity and realism, and employs an automated 1042

toolchain to generate large-scale navigation trajec- 1043

tories and instructions, significantly improving data 1044

construction efficiency and task complexity. How- 1045

ever, its instructions are entirely model-generated, 1046

lacking the linguistic habits and stylistic variations 1047

of human language. As a result, the overall nat- 1048

uralness and diversity of instruction expressions 1049

remain limited. 1050

B Evaluation Metrics 1051

This section provides detailed definitions of the 1052

evaluation metrics used in our experiments. 1053

• Navigation Error (NE): the Euclidean dis- 1054

tance between the agent’s final position and 1055

the ground-truth target location. Lower values 1056

indicate higher accuracy. 1057

• Success Rate (SR): the proportion of episodes 1058

in which the agent terminates within the target 1059

distance threshold. 1060

• Oracle Success Rate (OSR): the proportion 1061

of trajectories that enter the target threshold 1062

at any step, regardless of whether the agent 1063

stops correctly. 1064

• Success weighted by Path Length (SPL): a 1065

success metric that penalizes redundant paths, 1066

encouraging shorter and more efficient trajec- 1067

tories. 1068

C User Personas for Navigation 1069

Instruction Generation 1070

The user personas and their corresponding lan- 1071

guage style preferences are summarized in Table 3. 1072

D Case Study on Persona-Specific 1073

Instructions 1074

We further conduct a qualitative analysis through 1075

case studies to examine differences in instruc- 1076

tions generated under different personas. Table 4 1077

presents several representative instruction exam- 1078

ples corresponding to different personas. 1079

Taking the Courier / Delivery worker persona 1080

as an example, the instructions are clearly oriented 1081

toward task execution and road navigation contexts. 1082

The language heavily relies on traffic-related facili- 1083

ties and drivable elements as core references, such 1084
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ID Persona Age Group Social Role / Background Preferred Language Style
P1 Primary school student Child Student with limited spatial experience Simple wording, action-oriented, highly explicit instructions
P2 University student Young adult Student, frequent user of map-based tools Concise and direct, efficiency-focused, path-oriented terminology
P3 Office worker Young to middle-aged Daily commuter, familiar with urban structure Structured expression, preference for optimal routes
P4 Community staff Middle-aged Property management / security / administrative staff Stable phrasing, safety reminders, familiarity with local landmarks
P5 Courier / Delivery worker Young to middle-aged High-frequency navigation user Highly efficient instructions, emphasis on path clarity and ordering
P6 Urban tourist Young to middle-aged Temporary visitor, unfamiliar with the environment Landmark-rich descriptions, strong explanations, contextual guidance
P7 Retired adult Elderly Non-technical user, slower interaction pace Redundant explanations, repeated reminders, focus on safety and comfort
P8 Teacher / Educator Middle-aged Emphasis on logic and clarity Formal language, well-structured instructions, pedagogical tone
P9 Community volunteer Middle-aged to elderly Active resident, frequent participation in public affairs Friendly phrasing, landmark-oriented guidance, everyday language
P10 Advanced navigation user Young to middle-aged Navigation expert / experienced user Minimal technical language, clear structure, preference for optimal routes

Table 3: User personas and language style preferences for navigation instruction generation.

as intersection, multi-lane road, lane markings, and1085

parking area. Path descriptions are closely orga-1086

nized around intersection choices, lane following,1087

and parking area localization, reflecting a strong1088

preference for efficiency and accessibility.1089

Instructions from the Teacher / Educator per-1090

sona exhibit a distinct instructional and guidance-1091

oriented characteristic. The expressions are typi-1092

cally organized in a progressive manner, with an1093

emphasis on maintaining directional consistency1094

and intermediate states (e.g., keep your heading,1095

maintain the same heading) to reduce cognitive1096

load during understanding and execution. In addi-1097

tion, landmarks are described in a more detailed1098

and reproducible manner, such as explicit specifica-1099

tions of track color or lane line styles, ensuring that1100

each step is grounded in stable and clear perceptual1101

cues.1102

In contrast, instructions from the Retired adult1103

persona place greater emphasis on communication1104

comfort and everyday experience. The language1105

style is more conversational, with a gentle and reas-1106

suring tone (e.g., Alright, nice and easy now, When1107

you’re ready, go forward a bit more). These in-1108

structions tend to rely on landmarks closely related1109

to daily life, such as footbridge, creek, and sheds.1110

Precise constraints are intentionally reduced, with1111

greater focus on situational guidance and pace con-1112

trol.1113

Overall, different personas exhibit systematic1114

differences in information focus, path organization,1115

and interaction style. These differences are closely1116

associated with their respective occupational back-1117

grounds and life experiences, enabling AirNav to1118

generate navigation instructions that better align1119

with real human expression habits and demonstrate1120

higher instruction diversity.1121

E Instruction Naturalness Evaluation 1122

Prompt 1123

Prompt

Role:
You are an expert language evaluation assistant for UAV navigation
instructions.

Objective:
Your task is to assess the Naturalness of a navigation instruction as it would
be spoken by a real human guiding a UAV in a real-world scenario.

Evaluation Criteria:
Evaluate the instruction based on the following criteria:
1. Naturalness: Whether the instruction sounds like spontaneous human
speech rather than a rigid, scripted, or templated command.
2. Practicality: Whether the instruction provides actionable route guidance
through landmarks, relative directions, or intermediate cues, rather than
low-level action enumeration.
3. Human Alignment: Whether the wording and structure align with how a
human would naturally phrase a navigation request in everyday use.

Rating Scale:
Rate it on a scale from 1 to 5:
- 1 = very unnatural (robotic, templated, or action-list-like)
- 2 = somewhat unnatural (syntactically valid but awkward or artificial)
- 3 = neutral (reasonable but not strongly human-like)
- 4 = mostly natural (sounds like something a person might naturally say)
- 5 = very natural (fluent, realistic, and clearly human-like)

Output Requirement:
Your output must be a single integer from 1 to 5 representing the overall
naturalness score. Only output the number, and do not provide any
explanation.

Task:
Evaluate the following UAV navigation instruction according to the criteria
above.

Navigation Instruction:
{navigation instruction}

1124

F Human Annotation Setup and 1125

Statistical Analysis 1126

To validate the reliability of LLM-based automatic 1127

evaluation for instruction naturalness, we introduce 1128

human annotation as a calibration reference and 1129

analyze the consistency between LLM scores and 1130

human judgments. 1131

Human Annotation Setup We randomly sam- 1132

ple a total of 500 instructions from all datasets in- 1133

volved in the instruction naturalness analysis, with 1134

approximately 100 instructions drawn from each 1135

dataset, to form the human-annotated subset. Each 1136

instruction is independently evaluated by three an- 1137

notators. All annotators are fluent in English and 1138
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Persona Instruction Example
Courier / Delivery Worker Turn left and move forward until the curved road intersection with white painted lines and a

central grass island is ahead. At the intersection, turn left and move forward. Move forward,
then turn right and move forward until you reach the curved roadway intersection with grassy
medians and a large tree in the middle. Move forward until the multi-lane road with white lane
markings and a pedestrian crossing appears beside parked cars and industrial buildings. Move
forward along this road, then turn left toward the small parking area by the light-gray industrial
buildings. Move forward to the bright red car and stop.

Teacher / Educator Begin by turning right until the tan running track with a solid white lane line near the infield
edge is aligned ahead. Move forward toward it, then make a slight right and continue forward
along the track edge until you reach the section with the white lane line. From this point, keep
your heading and proceed straight toward the curved arc of blue-and-white seating outside the
track, continuing forward until you arrive beside the seating. Maintain the same heading and
advance straight toward the row of tightly parked white cars along the side of the long gray-roof
workshop, continuing until you reach that row. Continue straight along the workshop side, then
make a slight left and move forward to the small red car parked in the lot beside the gray-roof
warehouses, stop.

Retired Adult Alright, nice and easy now. Begin by turning right, then move forward at a comfortable pace.
When you’re ready, turn right again and continue moving forward until you come to the large
industrial building with several gray metal roofs and a parking lot that has white trucks beside
it. From there, move forward a touch and turn left, then keep moving forward, slow and steady,
toward the row of white and blue trucks in the lot. Continue moving forward past those trucks,
and when you feel settled, turn left and go forward until the short white footbridge over the
narrow dark creek is ahead. At the footbridge, turn right and keep moving forward along the
yard until you reach the row of narrow gray-roofed sheds with multiple bays. Go forward a bit
more, then turn left and move forward toward the blue car parked among other vehicles in the
lot, and stop.

Table 4: Representative Instruction Examples for Different Personas

have a basic understanding of UAV VLN tasks. Hu-1139

man annotation follows the same scoring scheme1140

as the automatic evaluation. Prior to annotation, all1141

annotators are provided with a unified annotation1142

guideline to ensure a consistent understanding of1143

the evaluation dimensions and scoring scale.1144

Inter-Annotator Agreement We first analyze1145

the inter-annotator agreement to assess the stability1146

of human judgments. Specifically, we adopt Krip-1147

pendorff’s α as the agreement metric. The results1148

show that Krippendorff’s α reaches 0.70, indicating1149

moderate to substantial agreement among annota-1150

tors and a stable consensus in their interpretation1151

of the evaluation criteria.1152

Human–LLM Correlation We further examine1153

the correlation between human annotations and1154

LLM-based scores. For each instruction, the scores1155

from the three annotators are averaged to obtain1156

a human reference score, which is then compared1157

with the corresponding LLM score using Spear-1158

man’s rank correlation coefficient (ρ). The results1159

show a strong positive correlation, with Spearman’s1160

ρ reaching 0.74, suggesting that LLM-based scor-1161

ing effectively captures the overall trend of human1162

judgment on instruction naturalness.1163

Discussion The above results indicate that LLM-1164

based automatic evaluation is highly consistent1165

with human judgments in instruction naturalness 1166

assessment, while significantly reducing evaluation 1167

costs. Therefore, we adopt LLM-based scoring as 1168

the instruction naturalness evaluation tool in the 1169

main experiments to enable systematic comparison 1170

across large-scale datasets. 1171

G Case Study on Instruction Naturalness 1172

We further conduct a qualitative analysis of instruc- 1173

tion naturalness across different datasets through 1174

case studies. Specifically, we randomly select two 1175

instruction examples from each dataset, as shown 1176

in Table 5, and compare them along multiple di- 1177

mensions related to naturalness. 1178

Taking AerialVLN as an example, its instruc- 1179

tions are typically composed of a sequence of low- 1180

level actions, with repeated use of expressions such 1181

as turn around, continue straight, and go over the 1182

buildings. Although macro-level landmarks such 1183

as lakes and fountains are mentioned, these land- 1184

marks are not further specified with perceptually 1185

distinguishable attributes. In addition, turning de- 1186

scriptions such as turn up and left are semanti- 1187

cally vague and difficult to precisely associate with 1188

concrete spatial changes. This style is closer to 1189

programmatic control commands than to natural 1190

language instructions used by humans during real 1191

navigation. 1192
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Instructions in the LANI dataset exhibit clearer1193

executability, as they often constrain motion tra-1194

jectories using precise turning angles (e.g., Turn1195

60 degrees), thereby reducing ambiguity. However,1196

this highly numerical form of expression does not1197

align well with common human navigation commu-1198

nication habits, as people rarely rely on frequent1199

and exact angle specifications in real-world sce-1200

narios. Moreover, the referenced landmarks are1201

typically simple and local small objects (e.g., green1202

cactus and potted plant), whose visual salience and1203

recognizability are limited from a UAV perspec-1204

tive, weakening the alignment between linguistic1205

descriptions and visual perception.1206

In contrast, instructions in our dataset demon-1207

strate characteristics that are closer to human navi-1208

gation language. They tend to rely on landmarks1209

with higher visual salience and discriminability,1210

which are further specified through attributes such1211

as color, shape, and spatial relationships (e.g., dark-1212

gray rectangular roof, curved dirt racetrack, and1213

single white car), thereby reducing potential ambi-1214

guity. In terms of action description, our instruc-1215

tions more frequently adopt progressive and rela-1216

tive expressions (e.g., make a slight left and con-1217

tinue past . . . , then turn . . . ), rather than relying1218

heavily on precise angle values, making them more1219

consistent with human navigation language usage.1220

H Prompt Template for AirVLN-R1 1221

Prompt

Role:
You are an expert navigation assistant for a UAV (Unmanned Aerial
Vehicle) flight simulator.

Task Objective:
The UAV operates in an urban environment with visible roads, buildings,
and landmarks. Your task is to predict the next sequence of UAV actions
based on:
1. A given natural language navigation instruction,
2. The current state of the UAV, including its position and heading angle,
3. The current first-person UAV view image,
4. Up to four historical first-person view images from previous time steps
(if available),
5. The previously executed UAV actions (if available).

Text Input:
- Navigation instruction: {Instruction}
- Current state of the UAV: {Current State}
- Previously executed actions: {Historical Action sequence}
(A list of past actions the UAV has taken, in chronological order.)

Image Input:
UAV (Unmanned Aerial Vehicle) View Sequence
- Historical views (from oldest to newest) show the UAV’s past observations.
- The last image represents the UAV’s current view.
- In all images, the top of the frame corresponds to the UAV’s forward
direction (its heading).

Step-by-Step Action Planning:
Based on the navigation instruction, the UAV’s current state, the previously
executed actions (which can help infer the UAV’s current orientation and
progress), and the provided images, predict how the UAV should move step
by step to follow the instruction accurately.

Prediction Rules:
1. Predict no more than 8 future actions for the UAV to execute.
2. If the target location is reachable in fewer than 8 actions, output less than
8 actions sequence and end with "STOP". Otherwise, it clearly requires
more than 8 actions to approach the target, output exactly 8 future actions.
3. You must output "STOP" if the UAV has already reached the described
target.
4. Output a JSON list of actions, in the exact order they should be executed.
5. Do not include any explanations, reasoning, or additional text — only
output the JSON list.

Discrete Action Space:
- MOVE_FORWARD: move straight 5 meters in the current heading
- TURN_LEFT: rotate left 30 degrees
- TURN_RIGHT: rotate right 30 degrees
- STOP: stop the flight

Output Format Examples:
["TURN_RIGHT", "TURN_RIGHT", "MOVE_FORWARD",
"MOVE_FORWARD", "MOVE_FORWARD", "MOVE_FORWARD",
"MOVE_FORWARD", "MOVE_FORWARD"]
["MOVE_FORWARD", "MOVE_FORWARD", "STOP"]
["STOP"]

1222

I Baseline Model Descriptions 1223

We provide a brief overview of the baseline models 1224

evaluated on the AirNav benchmark. 1225

• Seq2Seq (Anderson et al., 2017): A classic end- 1226

to-end model that directly encodes both language 1227

and visual inputs, mapping them to correspond- 1228

ing action sequences. This model serves as the 1229

basic comparison method. 1230

• CMA (Anderson et al., 2018): A model that 1231

employs a cross-modal attention mechanism, ef- 1232

fectively integrating language and visual infor- 1233

mation to make navigation decisions. 1234
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• Qwen2.5-VL (7B / 32B) (Bai et al., 2025b): A1235

MLLM developed and open-sourced by Qwen1236

team, Alibaba Cloud. It supports both image1237

input and language understanding, with different1238

parameter sizes, making it suitable for analyzing1239

the impact of model capacity on navigation tasks.1240

• Qwen3-VL-235B-A22B (Bai et al., 2025a): A1241

large-scale Mixture-of-Experts vision-language1242

model released by the Qwen team, with 235B1243

total parameters and 22B activated parameters1244

per token, making it a strong reference model1245

for evaluating the upper-bound performance of1246

general-purpose MLLMs in navigation tasks.1247

• LLaMA-3.2-11B-Vision (Grattafiori et al.,1248

2024): An open-source MLLM released by Meta,1249

which combines image recognition and language1250

reasoning abilities to evaluate the perceptual and1251

decision-making capabilities of LLM in naviga-1252

tion tasks.1253

• GPT-4o (OpenAI et al., 2024): A powerful mul-1254

timodal general-purpose model launched by Ope-1255

nAI, supporting joint text and image input. With1256

its excellent reasoning capabilities, it serves as1257

an important reference for evaluating task perfor-1258

mance.1259

• GPT-5 (OpenAI, 2025): OpenAI’s latest multi-1260

modal large language model, further enhancing1261

reasoning capabilities and performing excellently1262

across various general tasks.1263

J Hyperparameter Settings for SFT and1264

RFT Stages1265

The hyperparameter settings used in the SFT and1266

RFT stages are summarized in Table 6.1267

K Real-World Test Setup and Test Cases1268

The experimental UAV was a DJI Tello TLW004,1269

equipped with a front-facing camera, a Vision Po-1270

sitioning System, a barometer, an infrared sensor,1271

and an inertial measurement unit. During testing,1272

the UAV first transmitted its real-time images and1273

state information to a local laptop via a network.1274

The laptop then forwarded the data to a remote1275

server or cloud platform where the model was1276

deployed. Upon receiving all input information,1277

the model generated the corresponding action se-1278

quence, which was subsequently executed by the1279

UAV through its built-in motion control API.1280

Fig. 4 shows two representative real-world navi-1281

gation tasks conducted in indoor and outdoor envi-1282

ronments. 1283

L Additional Ablation Studies 1284

L.1 Historical View Image Selection 1285

To systematically analyze the impact of different 1286

historical view image selection strategies on nav- 1287

igation performance, we compare four strategies 1288

under the SFT+RFT training paradigm and evalu- 1289

ate them on the test-unseen split. Specifically, the 1290

evaluated strategies include: 1291

• No-History, which uses only the current view 1292

image without incorporating any historical ob- 1293

servations; 1294

• Last-K, which always selects the most recent 1295

K historical view images; 1296

• Uniform-K, which uniformly samples K im- 1297

ages within a fixed historical window; 1298

• Progressive Interval Sampling (Ours), 1299

which adopts a non-uniform sampling strat- 1300

egy with progressively increasing temporal 1301

intervals. 1302

Table 7 reports the performance of different 1303

strategies on the test-unseen split. Several ob- 1304

servations can be drawn. First, the No-History 1305

baseline, which relies solely on the current view 1306

image, performs the worst, with NE as high as 1307

120.0 and SR of only 22.72%. This result indi- 1308

cates that single-frame visual observations are in- 1309

sufficient to provide adequate temporal and spa- 1310

tial context for reliable decision-making. Second, 1311

the Last-K strategy significantly improves perfor- 1312

mance by retaining the most recent K historical 1313

images, enabling the model to capture short-term 1314

motion trends and local environmental changes. As 1315

a result, the SR increases to 44.87%. However, 1316

since this strategy ignores earlier but potentially 1317

important observations, the model’s ability to rea- 1318

son about long-term navigation progress remains 1319

limited. Third, Uniform-K further improves per- 1320

formance by uniformly sampling historical images 1321

within a fixed window, allowing the model to ac- 1322

cess observations at multiple temporal scales. This 1323

leads to a lower NE of 40.9 and a higher SR of 1324

49.65%, suggesting that covering a longer tempo- 1325

ral span of historical information helps the model 1326

better understand the global path structure. Nev- 1327

ertheless, due to its fixed sampling interval, this 1328

strategy lacks an explicit mechanism to model the 1329
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Fly straight ahead toward the chair with 

the black backpack. Once above the chair, 

turn left and head toward the green bag on 

the bed, then stop near it.

Fly forward along the hallway. When you reach 

the black backpack, turn right, then continue 

flying until you're near the blue bottle.

(a) Indoor Scene (b) Outdoor Scene

Figure 4: Real-World UAV VLN Deployment in Indoor and Outdoor Scenes.

temporal importance difference between recent and1330

distant observations. Finally, Progressive Interval1331

Sampling achieves the best performance across all1332

metrics, yielding the lowest NE (40.0) and the high-1333

est SR (51.75%) on the test-unseen split. Compared1334

to Uniform-K, it further improves both navigation1335

success and path execution efficiency. These re-1336

sults demonstrate that non-uniform sampling with1337

progressively increasing intervals more effectively1338

balances fine-grained short-term perception and1339

long-term contextual modeling.1340

L.2 Ablation on Reward Components1341

To further quantify the contribution of each reward1342

component in the RFT stage, we conduct a series1343

of ablation experiments based on the same SFT-1344

initialized model. Specifically, different compo-1345

nents of the reward function are removed, and all1346

models are evaluated on the test-unseen split for1347

comparison. The following ablation settings are1348

considered:1349

• w/o Subgoal State Alignment: removing1350

the Distance-to-Subgoal and Heading Angle1351

Alignment reward, while retaining the Stop1352

Consistency and Format Reward;1353

• w/o Stop Consistency: removing the Stop1354

Consistency reward;1355

• w/o Format Reward: removing the reward1356

that enforces output validity.1357

Table 8 reports the experimental results under1358

different settings on the test-unseen split, where1359

SFT-only serves as the baseline without RFT. The1360

results lead to the following observations. First,1361

the Subgoal State Alignment reward is the pri-1362

mary driver of performance improvement. Remov-1363

ing this component results in the most significant1364

degradation across all metrics, with NE increasing1365

from 40.0 to 47.5 and SR dropping sharply from 1366

51.75% to 42.46%. This indicates that Subgoal 1367

State Alignment plays a critical role in guiding 1368

effective path planning. Second, the Stop Consis- 1369

tency reward affects the reliability of stop deci- 1370

sions. Without this reward, the model exhibits a 1371

substantially higher frequency of both early-stop 1372

and missed-stop, leading to a noticeable decline 1373

in SR (51.75% → 47.08%). This result highlights 1374

the importance of explicitly supervising when to 1375

stop in UAV VLN tasks for stable execution and 1376

successful task completion. Third, the Format re- 1377

ward has a relatively limited impact on the final 1378

performance metrics but contributes positively to 1379

training stability and model usability. Since the out- 1380

put structure is already well constrained during the 1381

SFT stage, removing the Format reward leads only 1382

to a slight performance drop. Nevertheless, this 1383

reward helps reduce invalid generations, thereby 1384

improving the stability of the RFT and the relia- 1385

bility of practical deployment. Overall, the three 1386

reward components exhibit complementary roles: 1387

the Subgoal State Alignment reward ensures that 1388

the agent moves in the correct direction, the Stop 1389

Consistency reward encourages the agent to stop 1390

at the appropriate time, and the Format reward 1391

guarantees that the outputs are valid. Together, 1392

they form a systematic reward design tailored for 1393

UAV VLN, resulting in improved performance and 1394

stronger generalization. 1395

M Real-World Evaluation Results 1396

Table 9 summarizes the performance, resource con- 1397

sumption, and inference latency of different meth- 1398

ods in real-world UAV VLN experiments. 1399
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N Failure Modes and Real-World1400

Challenges1401

Although AirVLN-R1 achieves the best perfor-1402

mance in real-world tests, several representative1403

challenges are still observed in practical deploy-1404

ments. We summarize two common failure modes1405

below.1406

(1) Insufficient scale understanding. The model1407

exhibits inaccurate judgments of distance and an-1408

gles, which further lead to imprecise control granu-1409

larity, such as uncertainty in determining how many1410

steps to move forward or how many turns to exe-1411

cute.1412

(2) Target confusion. When visually similar can-1413

didates exist or when instructions admit multiple1414

plausible referents, the model is more likely to1415

hesitate, select incorrect targets, or terminate pre-1416

maturely.1417

These observations indicate that real-world UAV1418

VLN still requires stronger geometric scale under-1419

standing, fine-grained control, and ambiguity res-1420

olution to improve stability and robustness under1421

real-world conditions.1422

O Analysis of Resource Cost and1423

Inference Efficiency1424

Table 9 shows the performance and resource usage1425

comparison of different models. The analysis is as1426

follows:1427

• Traditional models are lightweight but imprac-1428

tical: Seq2Seq and CMA exhibit low inference1429

latency and memory consumption; however, they1430

fail to accomplish any navigation tasks in real-1431

world tests, resulting in limited practical usabil-1432

ity.1433

• Deployment cost grows substantially for large1434

models: Although Qwen2.5-VL-32B achieves1435

better performance than Qwen2.5-VL-7B, it in-1436

curs significantly higher computational demands1437

and inference latency, requiring an A100 80GB1438

GPU, which makes it difficult to meet the real-1439

time requirements.1440

• Cloud models introduce controllability and1441

real-time risks: GPT-4o avoids local memory1442

usage via cloud inference, but still has a latency1443

of 3.674 s/step and may impose potential con-1444

straints on system controllability and data pri-1445

vacy.1446

• AirVLN-R1 balances performance and effi- 1447

ciency: AirVLN-R1 achieves the highest SR in 1448

real-world tests while keeping the computational 1449

overhead acceptable, providing a more balanced 1450

trade-off between performance and deployment 1451

cost. 1452

19



Dataset Example 1 Example 2
LANI Move forward and stay to the right of the red ball.

Continue traveling in a straight line until you pass
the brown chair, which will be on your left. Just
after passing the chair, turn almost 90 degrees to
the left, and continue in a straight line until you
pass a green cactus on your left. Turn 60 degrees
to your left, and continue in a straight line until
you pass a potted plant on your left. Turn 45
degrees left just past the potted plant, and then
continue in a straight line until a traffic cone is
immediately on your right.

Move forward towards the lamp and move past it
on its left. Move forward towards the chest and
move past it on its left. Stop before hitting the
red fence and turn right. Move forward towards
the grey object and move past it on its left. Stop
before hitting the white fence.

AVDN "[INS] Destination is a long row of short cargo
containers bisecting the island of dirt at your eight
o’clock direction..", "[QUE] I am on top of the
many small containers, Can I see the destination?
Which direction should I go?." "[INS] Northeast,
fly to your right and turn around and go the up-
posit direction just a few feet to your destination."
"[QUE] I move to the northeast, Am I near the des-
tination? Which direction should I go?." "[INS]
Turn 180 degrees. Go straight until you are over a
white container. That is your destination.".

"[INS] Please go to the southeast direction at
5 o’clock. The destination is blue containers."
"[QUE] I am on top of many containers, Am I
near the destination? Where should I go now?"
"[INS] Yes, you are very close to your destination.
Turn to your 5 o’clock and go straight forward
from there and you will be right on top of your
destination."

AerialVLN Go up the building and fly to the left near the
lake. stop at the middle of the lake and turn up
and left and prepare for take off. go over the
trees and bushes until you see the fountain. go
over the fountain and over one building until you
see the edge of the ocean. turn around and head
towards the spotted lake and land near the trees.
turn around and continue straight and over the red
tree. turn around and continue straight.

Take off and turn right and move forward and
cross the buildings terrace and turn left. now move
forward and go over the buildings towards the
white building terrace and turn left. now move for-
ward cross the buildings and go over the grass and
roads and reach the under the building. now move
forward and turn right and go over the buildings
and towards the brown building terrace and stay
there.

OpenFly Advance forward to a multi-colored residential
area predominantly featuring beige and yellow
tones. The area consists of a cluster of low-rise
residential buildings with flat rooftops and tree -
lined parallel streets. Slightly turn left and proceed
straight to reach a yellow medium-sized residen-
tial building known for its rectangular structure,
repetitive windows, and dark roofs. Shift right to
find a medium-sized beige and gray residential
building with multiple floors and uniform win-
dows. Move ahead to encounter a medium-sized
building with a brown and gray exterior, rooftop
garden, and a rectangular shape, surrounded by
structures of comparable scale. Slightly turn left
again and proceed straight to it.

Proceed to the gray skyscraper building, then turn
right towards the green golf course with trees and
a pond, an expansive scenic outdoor area. Con-
tinue straight ahead, subtly veer left, and proceed
straight towards the large green tree with conifer-
ous leaves.

Ours Turn left to face the grassy park with scattered
trees and a curved edge path. Move forward, make
a slight left, and reach this park. Continue straight
to the next grassy area with scattered trees and a
curved path beside the residential streets. Keep
straight, then turn right toward the two-lane road
with houses on both sides and move to the road.
Proceed forward along the road, then turn left to-
ward the dark-gray rectangular roof of the terraced
house and continue to it. Continue ahead toward
the parking lot, turn right to the black car parked
in a row, move to the car, stop.

Move straight ahead toward the wide multi-lane
road with white dashed markings beside the un-
paved lot, continuing forward until you reach it.
Stay on this line, then turn right and proceed
straight toward the curved dirt racetrack surround-
ing the grassy field. Continue past the racetrack,
then turn left and head straight toward the nar-
row waterway bordered by trees. Keep forward,
then turn right and continue straight to the large
industrial building with a gray roof and adjacent
parking lot. From this building, turn left and move
straight along the main road until the single white
car in the traffic lane is ahead; approach it and
stop.

Table 5: Instruction Examples from Different Datasets

Stage Framework Batch LR Epochs Steps #Historical Views λ1 λ2 α β γ

SFT LLaMA-Factory (Zheng et al., 2024) 80 1× 10−4 2 – 4 – – – – –
RFT verl (Sheng et al., 2024) 96 1× 10−6 – 1500 4 1 1 1 0.1 0.1

Table 6: Hyperparameter settings for the SFT and RFT training stages.
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Method NE↓ SR↑ OSR↑ SPL↑

No-History 120.0 22.72 64.98 21.61
Last-K 56.6 44.87 62.89 43.73

Uniform-K 40.9 49.65 61.78 48.51
Progressive Interval Sampling (Ours) 40.0 51.75 62.29 50.57

Table 7: Ablation Study of Historical View Image Selection Strategies (Test Unseen)

Method NE↓ SR↑ OSR↑ SPL↑

Qwen2.5-VL-7B SFT-only 48.3 39.56 52.41 38.52
SFT + RFT (Full Reward, AirVLN-R1) 40.0 51.75 62.29 50.57

SFT + RFT (w/o Subgoal State Alignment) 47.5 42.46 56.01 41.39
SFT + RFT (w/o Stop Consistency) 44.9 47.08 60.40 45.91
SFT + RFT (w/o Format Reward) 41.1 50.70 61.36 49.54

Table 8: Ablation results of reward components in the RFT Stage (Test Unseen)

Method NE↓ SR↑ Test Device GPU Memory Usage
(GB)

Inference Latency
(s/step)

Seq2Seq N/A 0/20 RTX 4090 * 1 0.22 0.080
CMA N/A 0/20 RTX 4090 * 1 0.27 0.075

Qwen2.5-VL-7B 103.6 1/20 RTX 4090 * 1 20.40 0.840
Qwen2.5-VL-32B 84.6 2/20 A100 80GB * 1 67.64 2.511

GPT-4o 69.5 4/20 Cloud / 3.674
AirVLN-R1 (Ours) 67.3 6/20 RTX 4090 * 1 20.40 0.854

Note. Seq2Seq and CMA fail to generate valid trajectories in real-world tests, leading to undefined NE (reported as N/A).

Table 9: Comparison of performance, resource usage, and inference latency on real-world test.
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