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Abstract

Visual Dialogue Navigation (VDN) aims to enable agents to
reach target locations through dialogue with humans. The in-
tegration of VDN into Unmanned Aerial Vehicle (UAV) sys-
tems enhances human-machine interaction by enabling intu-
itive, hands-free operation, thereby unlocking vast applica-
tions. However, existing VDN models for UAVs can only
perform navigation based on dialogue history, lacking proac-
tive interaction capabilities to correct trajectories. More-
over, their sequential observation history recording mech-
anism struggles to accurately localize landmarks observed
in the historical context, leading to ineffective utilization of
referential information in new user instructions. To address
these, we present Aerial VLA, an end-to-end UAV naviga-
tion framework integrating dialogue comprehension, action
decision-making, and navigational question generation. Aeri-
alVLA comprises three core components: i) we propose the
Progress-Driven Navigation-Query Alternation mechanism
to determine optimal questioning timing through navigation
progress estimation autonomously. ii) To effectively model
long-horizon history observation sequences, we develop the
History Spatial-Temporal Fusion module that extracts dis-
criminative spatial-temporal representations from historical
observations. iii) Furthermore, to overcome data scarcity in
training, we devise the Online Task-Driven Augmentation
strategy that enhances learning through action-conditioned
data augmentation. Experimental results demonstrate that
Aerial VLA achieves state-of-the-art navigation performance
while exhibiting effective dialogue capabilities. Moreover, to
better evaluate the agent’s proactive dialogue and navigation
abilities, our evaluation benchmark, named UAV Navigation
with Online Dialogue (UNOD), incorporates an online dia-
logue interaction module. The UNOD assesses UAV agents’
real-time questioning capabilities by leveraging an Air Com-
mander Large Language Model to simulate human-UAV in-
teractions during testing.

1 Introduction

The goal of vision-and-language navigation (VLN) (Ander-
son et al. 2018) is to enable agents to navigate based on
human language instructions and visual observations au-
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Figure 1: Aerial VLA is capable of proactively ask questions
to users during navigation and maintain a spatial-temporal
Navigation memory.

tonomously. The inherent ambiguity in linguistic descrip-
tions often renders single-turn instructions insufficient for
precisely localizing target positions, analogous to how hu-
mans typically engage in multi-round dialogues for route
clarification. This underscores the significance of vision-
and-dialogue navigation (Thomason et al. 2020) (VDN),
which has garnered substantial attention in ground-agent
scenarios. With the growing ubiquity of unmanned aerial
vehicles (UAVs) in daily applications such as delivery and
aerial photography, UAV-based VDN (Fan et al. 2023) ex-
hibits broad application potential across various domains,
enabling hands-free operation and broader spatial coverage.
Compared to ground agents, UAVs exhibit distinct charac-
teristics in action space, navigation scale, and observational
perspective, presenting novel research challenges.

However, two critical shortcomings of prior VDN meth-
ods for UAVs remain unsolved. First, existing models rely
solely on human-human dialogue history for navigation,
which limits their ability to query destinations during the
navigation process actively (Zheng et al. 2024; Fan et al.
2023). Consequently, the UAV agent cannot detect direc-
tional errors and proactively seek corrective guidance, nor
can it refine its navigation trajectory through online inter-
active dialogue incrementally. Second, in the dialogue pro-
cess, newly acquired instructions often correlate with obser-



vations or dialogue from several steps earlier, for instance,
in Figure 1, a directive such as “turn left at the previous
one you passed.”. Understanding this directive necessitates
spatial and temporal reasoning across observations from dif-
ferent time steps. However, existing approaches (Fan et al.
2023; Wang et al. 2024a) typically process observational his-
tory as a video sequence, which fails to preserve the under-
lying spatial relationships adequately.

To address these limitations, we propose Aerial VLA, an
end-to-end framework that integrates navigation decision-
making, conversational comprehension, and context-aware
questioning abilities. i) To allow the agent to actively
query humans’ response at an appropriate time based on
real-time scene observations, we introduce the Progress-
Driven Navigation-Query Alternation (PNaQ) for Aeri-
alVLA. PNaQ dynamically determines whether to query the
human for guidance or continue navigation based on the
agent’s confidence in the current route. A decline in naviga-
tion progress estimation indicates reduced confidence, trig-
gering a human query for route correction, as shown in Fig-
ure 1 left. To prevent interference between Aerial VLA’s ac-
tion prediction and language decoding, we introduce an ad-
ditional action prediction head in PNaQ, which simultane-
ously estimates the UAV’s flight azimuth and altitude ad-
justments. ii) To effectively utilize the spatio-temporal rela-
tions across historical observations, we propose the History
Spatio-Temporal Fusion (HSTF) module. In HSTF, we con-
struct a global map by aggregating historical observations
to preserve spatial information, while employing a Spatio-
Temporal Attention module (STA) to build a multi-grained
relation between time-sequential observations and the global
map, thereby maintaining both temporal and spatial coher-
ence for navigation memories. iii) Given the limited data
available in VDN for UAYV, the training process necessitates
efficient utilization of the scarce navigation data. We imple-
ment a One-Trial Data Augmentation (OTDA) strategy that
enriches trajectory samples by iteratively recording and cor-
recting the model’s action predictions during training. The
components together make Aerial VLA the state-of-the-art
VDN model for UAVs. On the unseen testing split of AVDH-
Full (Fan et al. 2023), Aerial VLA achieves a relative im-
provement of 105% in SPL.

To validate the capability of Aerial VLA in conducting on-
line dialogue and navigation, we design the UAV Navigation
with Online Dialogue (UNOD) benchmark, which simu-
lates human users who can answer the UAV’s questions at
any time during the navigation process. To achieve this, we
build the Aerial Commander LLM (AC-LLM), which is
trained on multimodal datasets involving remote sensing im-
agery (Kuckreja et al. 2024) and aerial VDN data from the
AVDH dataset (Fan et al. 2023). AC-LLM can provide sta-
ble, accurate, and diverse navigation instruction responses to
questions from UAV's based on the navigation state.

In summary, our contributions are fourfold:

We introduce Aerial VLA, an end-to-end model that can
proactively dialogue with humans during navigation via
PNaQ, and achieves state-of-the-art performance AVDH.

We propose the HSTF module, maintaining spatial re-
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lationships of historical observations alongside temporal
exploration order, delivering high-fidelity spatio-temporal
representations critical for aerial navigation.

We introduce the OTDA training strategy, which inte-
grates intermediate action predictions into training data
to increase the trajectory diversity.

We propose the UNOD benchmark, enabling simulation
of human interlocutors’ response to evaluate UAV agents’
VDN capabilities in online dialogue scenarios.

2 Related Works
2.1 Vision-and-Dialogue Navigation

Significant advancements have been achieved in the
language-guided navigation area. Anderson et al. (Ander-
son et al. 2018) introduce the first VLN dataset that utilizes
fine-grained language instructions within a graph-based ac-
tion space, leveraging the Matterport3D dataset (Chang et al.
2017). Furthermore, established benchmarks including (Qi
et al. 2020; Jain et al. 2019; Ku et al. 2020; Chen et al. 2019;
Krantz et al. 2020) significantly enhance the coverage of
visual-language navigation tasks through diversified linguis-
tic instructions and heterogeneous environmental configura-
tions. CVDN (Thomason et al. 2020) pioneers dialog-aware
navigation by incorporating human conversation histories
as textual inputs, while AVDN (Fan et al. 2023) extends
this paradigm to UAV navigation. Conventional VDN so-
lutions typically treat dialog history as specialized linguistic
instructions, employing action prediction strategies similar
to VLN frameworks (Chen et al. 2021; Hao et al. 2020; Qiao
et al. 2022). To enable real-time conversational capabilities,
RMM (Roman et al. 2020; Nguyen and Daumé III 2019) in-
troduces auxiliary dialog agents for online interaction man-
agement, whereas SCoA (Zhu* et al. 2021) proposes the
When-to-Ask (WeTA) mechanism for dynamic question-
ing timing determination. Current online VDN architectures,
however, exhibit limitations in unified dialogue-action in-
tegration due to over-simplified action spaces or template-
based dialogue generation approaches that constrain flexi-
bility in conversational interactions.

2.2 Drone-based Navigation

The previous works on UAV-based navigation have primar-
ily concentrated on vision-based navigation capabilities (Lo-
quercio et al. 2018; Giusti et al. 2015; Smolyanskiy et al.
2017; Fan et al. 2020; Bozcan and Kayacan 2020; Majdik,
Till, and Scaramuzza 2017; Kang et al. 2019) and obstacle
avoidance abilities (Xu et al. 2025; Singla, Padakandla, and
Bhatnagar 2019). The integration of both vision and lan-
guage for aerial navigation remains a relatively underex-
plored area of study. Methods like (Liu et al. 2023, 2024)
introduce the VLN task for drones using fine-grained in-
structions. The OpenUAV (Wang et al. 2024b) features a
UAV-specific dynamic movement simulation environment
and introduces the UAV-Need-Help benchmark, a human-
assisted navigation task. CityNav (Lee et al. 2024) provides
32,637 human-demonstrated trajectories paired with natural
language instructions across real-world cities. OpenFly (Gao
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Figure 2: Aerial VLA comprises three input streams: (1) the current visual observations, (2) historical visual information pro-
cessed through HSTF module before being fed into the LLM, and (3) encoded dialogue history. These multimodal streams are
jointly processed through the LLM. PNaQ is employed to determine whether asking or moving.

et al. 2025) introduces a large-scale dataset comprising real-
istic urban layouts paired with natural language instructions.
AVDN (Fan et al. 2023) establishes a benchmark for drone
navigation driven by dialogue history, featuring 3, 064 aerial
navigation trajectories with human-human dialogue.

3 Task Formulation

In VDN for UAV task, navigation process initiates with
the UAV at p; = [z1,y1,21] receiving a linguistic in-
struction ro specifying the target observation I, located
at coordinates p, = [x4,Yy, 7). At each time step ¢,
the agent positioned at p, = [x4,ys, 2] captures a visual
observation I;. The agent then executes a decision pro-
tocol: either generating an inquiry ¢; to request supple-
mental guidance, or directly predicting navigation actions.
When initiating an inquiry, the AC-LLM module generates
a context-aware response r;, with each question-answer pair
(gt,7¢) being sequentially recorded in the dialogue history
Dy = {ro,(Gta, T4, ) -+ (Qta, + Tta, ) }- The navigation ac-
tion space comprises continuous 3D waypoint adjustments
a; = [Axy, Ay, Az]. A navigation episode is deemed
successful if the agent’s terminal position pg,, satisfies
lpstop — Pgll < dg. If the agent exceeds the maximum step
limit 7" or fails to stop within the vicinity of the target posi-
tion, the episode is considered a failure.

3.1 Method Overview

The architecture of Aerial VLA is shown in Figure 2. At each
time step ¢, the model processes three modalities: dialog his-
tory, historical observations, and current visual input. The
dialogue history D, is first encoded into text embeddings
through the pretrained LLM’s tokenizer:
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X, = Tokenizer(D,) € RP*Na, (H

where D denotes the dimension of the LLM’s embedding
space and N, represents the sequence length of language to-
kens. For the current visual observation I;, we extract visual
feature v, using a vision encoder f, followed by a flattening
operation and a linear projection layer ¢(-) (Guo et al. 2025)
to align with the text embedding space:

Vg = fv(It)a
vy = ¢(£flatten(vy)),

@
3

where 9, € RP*Nv and N,, indicates the number of visual
tokens, and D is the dimension of LLM’s hidden state. His-
torical features are captured through the HSTF module:

[HtsaHg—] = HSTF(Ilztaplzt)' (4)

The LLM backbone integrates [¢;, H;, H] , X;] along with
four trainable special tokens. The corresponding outputs of
the special tokens are routed to the PNaQ for action pre-
diction. Details of HSTF and PNaQ modules are elaborated
in §3.2 and §3.3. During training, we employ OTDA to en-
hance training data, which is discussed in §3.4.

3.2

We propose HSTF to comprehensively capture and integrate
historical observations in both spatial and temporal aspects,
as shown in Figure 3. In HSTF, we begin by constructing a
global map to obtain a comprehensive spatial representation
of historical trajectories. Subsequently, we employ the STA
mechanism to extract the multi-grained correlation between
observation sequence of the UAV and this global map. This
design enables Aerial VLA to simultaneously achieve spatial

History Spatial-Temporal Fusion Module
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Figure 3: The architecture of the Spatial-Temporal Atten-
tion (STA) module. It processes visual features from each
time step and fuses them with multi-scale features from the
merged global map through cross-attention layers.

reasoning for navigation while effectively aligning temporal
relations with dialogue content.

Global Map Construction. We first construct a continu-
ously evolving global map from the agent’s observational
history to enhance spatial reasoning. Given the history BEV
perspective of the UAV, we first aggregate the observation
images based on their geolocations pj., yielding a spatial
representation of the global map M;. To address irregu-
lar boundaries of M, we compute the minimum bounding
rectangle encompassing all pixels in M, followed by zero-
padding implementation for invalid regions within it to build
a global map R;. The history spatial feature is calculated as:

&)

where the [V, is the number of visual tokens of H;. H} is
inputted into the LLM as part of the history representation in
Equation 4. At the same time, R; is subsequently processed
by STA to build correlations with the exploration order.
Spatial-Temporal Attention (STA). While Aerial VLA
captures the spatial relationships of observations up to the
current moment in the global map, the exploration sequence,
i.e., the order in which observations are acquired—remains
undetermined. However, the exploration sequence is impor-
tant information to align with the dialogue content for nav-
igation decision. we take the observation sequence at each
time step v1.;—1 as the temporal representation, and apply a
2D average pooling along the spatial dimensions of vy,
to reduce computational load.

H; = ¢(flatten(f,(Ry))) € RP*Ns,

(6)

where v],, , € RP»*N-x(t=1) Ag for R;, we utilize the
AnyRes image encoder fv in (Li et al. 2024) to obtain a high-
resolution global map representation v{ = fv(Rt), where
fv operates by splitting the image into grids and encoding
them independently.

We then employ a multi-grained attention mechanism to
link the v{ with v],,_4, as illustrated in Figure 3. The nav-
igation waypoints p1.;_1 are projected onto v{ and obtain
the positions p1.;—1 on the feature map. p;..—1 are employed
as anchor points to establish the association between v7.,_;

v],_ 1 = flatten(pooling,p(vi:t—1)),
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and v{. For each time step t; < ¢, we crop the visual em-
beddings from v} within a Euclidean distance of d; to p,:

ndj,t-;,t = CI‘Op(’Uf, dj?ﬁti)7 (7)
DXNgy.

where 4, 1,+ € R 3. Ma, t;,+ subsequently computes

the cross attention with v{, to integrate global relative posi-

tional information, where v;_ serves as the query:

Nd; t:,4 = Cross_attn(vy,Na; 1, 1), ®)
where 74, 1, + € RP»*N- and €;, is the temporal embed-
ding for time step ¢;. To incorporate multi-scale feature in-
formation and enhance the representation density, we lever-
age three distinct distances d; € {d1,ds, ds} to extract hi-
erarchical features from vy, yielding the aggregated repre-
sentation 74, ., ¢, ¢+ Subsequently, the representation of the
history time step ¢; can be computed as:

(©))
(10)

T A T
hti,dj,t = ndj;k7t + ’Uti + eti’
T _ T T T
tit [ ti,di,t> htudzﬂf’ hti;d37t]’
where h] , € RP»* (N7x3) and €,, represents the positional

embedding at time step ¢;. Finally, the features of hT,_, ,
are concatenated and processed through ¢(-) to obtain H :

d)( ‘{;t—Lt) c RDX(N,-XBX(tfl)). (11)

HY is then incorporated into the LLM as the exploration
sequence-related historical context, enabling PNaQ to exe-
cute navigation decisions and dynamically trigger question
generation depending on the navigation state.

H =

3.3 Progress-Driven Navigation-Query
Alternation

To address the inherent divergence between action decision-
making and language generation, PNaQ employs dedicated
prediction heads for each task, thereby minimizing poten-
tial interference, as shown in Figure 2. Furthermore, we in-
troduce two special tokens, [act] and [que], appended
to the end of the input sequence. These tokens explicitly
prompt the model to initiate task-specific feature aggrega-
tion— [act ] for action prediction and [que] for language
generation. At each time step, Aerial VLA first appends the
[act] token to the input sequence to predict the following
action, where asking a question is treated as a valid action.
If the action head selects to ask a question, the [que] to-
ken is appended to the LLM’s input, triggering the question-
generation process to acquire more navigation guidance.

To predict the next action, we append four learnable to-
kens: a”, a?, a®, and P, after the [act ] token. Their cor-
responding outputs (&f, &Y, &3, &) jointly govern UAV’s
behavior. Horizontal and vertical displacement vectors are
derived from & and &:

[Ait’ Agt] = d)h(d?)v Aét = (bv(dzlf})v

where ¢y (+),¢, () are MLP layers. & is used to predict the
trajectory termination probability:

51 =0(¢s()),

12)

13)



where o (-) is the sigmoid function and ¢(-) is a MLP layer.
Aerial VLA stops when 5, > 0.5.

A straightforward approach to determining when to ask
questions is to use pre-recorded human demonstration data
as imitation learning targets, thereby learning human-like
questioning timing. However, due to the limited volume of
available VDN data for UAVs, we instead adopt a progress-
based estimation method to decide the questioning mo-
ments. Here, progress is defined as:

[[pe = pal
pr = : (14)
P2 = pgl + [lpe = pa
Aerial VLA uses &} to estimate ¢; via MLP ¢,
Gr = 0(dp(6))- s)

The question generation process is activated when the de-
crease in navigation progress estimation exceeds a prede-
fined threshold (¢;—1 — ¢ > 0.2). This mechanism prior-
itizes cases where the UAV detects a decline in navigation
progress after movement, indicating potential trajectory de-
viations that necessitate human intervention.

3.4 One-Trial Data Augmentation

Due to the scarcity of aerial VDN’s training data, relying
exclusively on limited human-annotated navigation data for
imitation learning hinders the convergence of Aerial VLA
and compromises its self-correction ability. Meanwhile, the
manually annotated data often fails to comprehensively ex-
plore the scene, resulting in insufficient utilization of en-
vironmental data during the training process. To address
this, we designed OTDA to increase the available data dur-
ing training by leveraging action predictions from the Aeri-
alVLA. After completing the sample from the full training
set V' at timestep ¢, the UAV executes the predicted ac-
tion a, [AZ:, AJe, AZ] to transition to position piy.
The optimal action ay,, required at p;;1 to reach in the
ground-truth trajectory is then computed. This dialogue-
action-trajectory triplet is cached into the buffer V. At the
start of each epoch, we build a new V' by sampling from both
the human-annotated dataset V,, and Vj, at a predefined ratio.

Initially, OTDA introduces samples with only one-step
deviation from the ground-truth trajectory in V. As train-
ing progresses, the repeated augmentation process gradu-
ally generates samples with multi-step deviations, thereby
increasing the proportion of challenging examples that re-
quire the agent to rectify the route. The sampling strategy
ensures that V retains a portion of the original or minimally
perturbed data throughout training to prevent excessive de-
viation in data distribution.

4 Air Control Large Language Model

In the UNOD benchmark, we leverage the trajectories and
dialogue-initiation instructions from the AVDH-Full unseen
validation set as the foundation. During navigation, the AC-
LLM answers the UAV agent’s navigation-related queries in
real time to replace the dialogue history in AVDH. This sec-
tion details AC-LLM’s architecture and training process.
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Figure 4: The architecture of AC-LLM. It integrates the
UAV’s current view, the destination’s view, intermediate re-
gions along the trajectory, and dialogue history to produce
contextually appropriate navigational responses.

Model Architecture. AC-LLM utilizes two key inputs: the
visual context around the destination and the planned route
from the agent’s current position to the target. First, we en-
code the visual observations at the goal location as v, =
fu(Iy), where v, captures the visual features of the desti-
nation’s nearby field of view, providing landmark cues for
target determination. To integrate trajectory information into
AC-LLM, we first sample a feasible path toward the target.
The path is visually represented by a BEV image I,, which
captures its bounding rectangle. I, is processed through the

AnyRes feature extractor f,(-):

va = ¢(flatten(fy(la)))- (16)
To further encode the trajectory’s geometric waypoints,
we employ QwenVL’s grounding-related special tokens for
image-coordinate representation (Bai et al. 2023), convert-
ing the trajectory waypoints on I, into a sequence of em-
beddings 1. Ny,- This ensures precise trajectory condition-
ing for the LLM. Finally, AC-LLM fuses the multimodal in-
puts [vy, v, p1:n, , X;] for response prediction, where X
represents the prior dialogue history.

Training Process. We train AC-LLM using a pretraining-
finetuning pipeline. In the pretraining stage, we leverage
remote sensing image-language data from (Kuckreja et al.
2024), capitalizing on the similarity between the UAV’s
top-down perspective and high-resolution remote sensing
imagery. This stage incorporates multiple vision-language
alignment tasks, including image captioning, visual ground-
ing, region-based caption generation, and referring ex-
pression comprehension. Through this process, AC-LLM
learns to align UAV’s observations with textual descriptions.
Subsequently, we fine-tune the AC-LLM on the AVDH
dataset (Fan et al. 2023) for dialogue-based instruction gen-
eration. This AVDH contains navigation trajectories paired
with each question-answer in dialogues. For each training
instance, we provide AC-LLM with the trajectory and the
dialogue history preceding the final navigation instruction,
training the LLM to predict the navigation guidance.



ANDH ANDH-Full
Model Seen Validation Unseen Validation  Unseen Testing Seen Validation Unseen Validation Unseen Testing
SPL SR GP OSR SPL SR GP OSR SPL SR GP |[SPL SR GP OSR SPL SR GP OSR SPL SR GP
E.T. 10.3 12.7 51.2 254 17.1 199 52.3 34.8 11.8 124 55.2|| 3.8 4.5 46.7 106 4.6 5.1 433 13.1 3.8 42 500
HAA-T 13.9 15.6 55.1 24.6 16.8 199 56.3 30.7 12.5 152 54.3|| 7.1 8.6 58.3 122 6.5 7.0 64.0 122 43 46 534
LSTM 8.9 10.0 49.2 17.0 15.7 16.8 48.8 234 11.7 12.8 51.2( 3.8 4.1 628 46 45 46 669 6.1 1.1 1.1 61.1
HAA-L 12.3 13.5 47.3 189 16.7 184 50.5 24.5 12.5 139 50.7{| 45 4.6 539 51 6.7 70 555 79 25 26 352
Ours 25.4 29.1 66.4 43.7 26.6 30.9 68.1 47.4 24.1 28.3 66.7(/20.5 29.4 77.6 39.1 19.2 28.0 78.4 41.1 17.1 25.2 82.7
Table 1: Results on AVDH benchmark and AVDH-Full benchmark.
HSTF Seen Validation Unseen Validation
Index — OTDA GM  STA SPL SR GP OSR SPL SR GP OSR
1 3.1 3.2 -10.0 14.8 5.5 6.0 -9.5 17.25
2 v 13.0 22.9 50.9 32.1 17.3 26.5 51.2 342
3 v v 21.1 27.8 58.6 45.1 19.5 25.3 60.70 45.26
4 v v v 25.4 29.2 66.4 43.8 26.6 30.9 68.2 47.5

Table 2: Ablations on AVDH benchmark. Where GM indicates the utilization of the global map described in §3.2

S Experiments

We evaluate Aerial VLA against state-of-the-art methods on
both AVDH (Fan et al. 2023) and UNOD benchmarks (§5.1).
Additionally, we conduct ablation studies to analyze the con-
tributions of its key components (§5.2). The visualisation re-
sults on UNOD are provided in §5.3.

5.1

Comparison Baselines. We compare our approach with
four baseline methods: the Episodic Transformer (E.T.),
the Human Attention Aided Transformer (HAA-T), and
the Human Attention Aided LSTM (HAA-L), all adopted
from (Fan et al. 2023).

Results on AVDH. As shown in Table 1, AerialVLA
achieves significant improvements over previous VDN
methods for UAVs. On the AVDH (Fan et al. 2023) bench-
mark, AerialVLA increases the SPL metric from 17.1%
to 26.6% on the unseen validation split and from 4.3%
to 24.1% on the unseen testing split compared to the pre-
vious state-of-the-art HAA-Transformer (Fan et al. 2023),
demonstrating superior trajectory efficiency and navigation
success. The improvement becomes more pronounced on
AVDH-Full, which has longer dialogue and trajectory. The
SPL improves from 4.3% to 17.1% on the unseen testing
split, indicating enhanced capability in historical context un-
derstanding, particularly for long-horizon navigation tasks.
Results on UNOD. As shown in Table 3, we evaluate
Aerial VLA’s proactive dialogue-based navigation capabil-
ity on UNOD. Since existing methods lack the interac-
tive dialogue ability during navigation, we compare against
baselines using pre-collected human questions from the
AVDH-Full dataset and AC-LLM-generated responses to
compare Aerial VLA with proactive dialogue. While AC-
LLM-generated dialogues degrade navigation performance
compared to human-annotated dialogues, Aerial VLA with

Main Comparison
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PNaQ-based online VDN achieves a significant improve-
ment, increasing SPL by 7.9% over Aerial VLA with pre-
recorded dialogues and even surpassing Aerial VLA with
human-annotated dialogue history by 2.4% on the validation
unseen split. These results demonstrate the critical role of
context-aware proactive questioning in navigation and high-
light the necessity of an online benchmark for Aerial VDN.

5.2 Ablation Study

In this section, we conduct ablation studies on the key com-
ponents of the Aerial VLA model over AVDH to validate the
effectiveness of the proposed modules, as summarized in Ta-
ble 2. Additional ablation experiments for OTDA and STA
are comprehensively verified in Table 4 and Table 5. The
baseline implementation (the # 1 of Table 2) processes the
navigation history observations with the video feature ex-
tractor of LLaVA-OneVision (Li et al. 2024) for action pre-
diction through the same action decoder of AerialVLA.
About OTDA. We validate the effectiveness of OTDA.
Compared with the baseline model trained solely on human-
annotated trajectories in Table 2 #1, OTDA improves SPL
by 9.9% and SR by 19.7% on the seen validation set. A no-
table enhancement of 11.8% in SPL is also observed on the
unseen validation set. These results demonstrate that OTDA
significantly enhance navigation performance by enriching
trajectory diversity. Furthermore, Table 4 examines the im-
pact of the ratio between original and generated data per
epoch on navigation performance. The model achieves opti-
mal performance when the ratio of original to generated data
is 1:2, while further increasing the proportion of generated
data leads to performance degradation. This indicates that
an excessive amount of generated data may interfere with
the model’s ability to learn optimal paths.

About Global Map. We evaluate the effectiveness of the
global map feature H;, which aggregates historical observa-



Models Seen Validation Unseen Validation
SPL SR GP OSR||SPL SR GP OSR
HAA-T' 39 51 107 9.6 || 64 84 342 145
HAA-Lf 29 3.1 163 46|/ 52 46 184 7.0
Aerial VLA || 17.3 243 599 35.013.7 200 712 304
Aerial VLA || 22.6 26.9 99.3 40.1 ||21.6 26.2 101.8 37.3

Seen Validation Unseen Validation
SPL SR GP OSR | SPL SR GP OSR

1:1 154 21.6 61.7 343 | 144 209 57.8 32.1
1:2 255 292 664 43.8 || 26.6 309 682 475
1:3 20.1 289 658 420 || 205 31.6 67.0 48.3

Vo:Vy

Table 3: Results on UNOD. findicates models utilizing pre-
collected human questions and AC-LLM responses.

Table 4: Abation studies on AVDH benchmark about OTDA
for the data ratio of V,, to V; in §3.4.

Hi drone, turn ?
backwards and fly

over the parking and
your destination is
the long building.

Am I near the
destination? I can
see a long building.

o No, you are not near. )
Y W The destination is on ™
your twelve.

{I see the long building. Is the destination in my ]

E view? How does the destination look like?

Yes, the destination is in your view. The
destination looks like a long building with a
light blue roof.

Figure 5: Interaction of Aerial VLA and AC-LLM visualization on UNOD. Blue arrows indicate the drone’s forward orientation.
The dialogue content’s adaptive flexibility while maintaining alignment with the UAV’s observational states.

Unseen Validation
SPL SR GP OSR

23.0 30.0 62.8 443
26.6 309 68.2 474
240 29.7 574 433

Seen Validation
SPL SR GP OSR

1,1,1 [[213 279 647 423
1,2,3 || 254 292 664 437
1,3,5 || 224 285 651 41.2

STA Res

Table 5: Abation studies on AVDH benchmark about STA
for the value of d; 2 3 in §3.2.

tions to a global map. In #3 of Table 2, we replace the video
processing module in #1 with the global map. Compared to
#2, the model with global map achieves significant improve-
ments, with 8.1% and 2.2% SPL gains on seen and unseen
validation sets, respectively. HSG effectively provides spa-
tial layout relationships of observations to the LLM, which
enhances the model’s directional awareness and substan-
tially improves Aerial VLA’s navigation efficiency.

About STA. Compared to Table 2 #3, the model with STA
in #4 demonstrates significant improvements in both SR and
SPL. On the seen validation set, SPL increases by 4.3% and
SR by 1.4%, while achieved enhancements of 7.1% in SPL
and 5.6% in SR are observed on the unseen validation set.
These results suggest that the traversal order information
provides a benefit for navigation in unseen environments.
About Spatial Resolution of STA. As shown in Table 5, we
investigate the impact of different resolution combinations

in STA’s attention mechanism over the global spatial map on
model accuracy. We observe that the model achieves higher
accuracy when resolutions are set to d; = 1, do = 2, and
ds = 3. Higher resolutions introduce excessive redundant
details in aggregated features, leading to performance degra-
dation, while lower resolutions fail to yield significant accu-
racy improvements due to insufficient correlation between
the temporal and spatial features of navigation history.

5.3 Visualization Results

As illustrated in Fig. 5, we visualize the navigation trajecto-
ries of AC-LLM and Aerial VLA on UNOD validation set.
Along this path, Aerial VLA poses queries at positions 4
and 5. This example demonstrates that AC-LLM can effec-
tively provide accurate responses to the navigation model’s
inquiries.

6 Conclusion

We present Aerial VLA, integrating proactive dialogue and
spatial-temporal historical states for VDN navigation. The
proactive dialogue ability is crucial for target localization,
as it enables the agent to acquire trajectory-aligned instruc-
tions from human. The effectiveness of HSTF indicates that
spatial-temporal reasoning over historical observations is
critical for enhancing the capability of UAV’s VDN. OTDA
demonstrates that trajectory diversity also plays a vital role
in enabling LLMs to accomplish navigation tasks effectively
for improving the error correction ability.
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