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Abstract

Vision-and-language navigation (VLN) aims to develop

agents capable of navigating in realistic environments.

While recent cross-modal training approaches have signifi-

cantly improved navigation performance in both indoor and

outdoor scenarios, aerial navigation over real-world cities

remains underexplored primarily due to limited datasets

and the difficulty of integrating visual and geographic in-

formation. To fill this gap, we introduce CityNav, the first

large-scale real-world dataset for aerial VLN. Our dataset

consists of 32,637 human demonstration trajectories, each

paired with a natural language description, covering 4.65

km
2

across two real cities: Cambridge and Birmingham. In

contrast to existing datasets composed of synthetic scenes

such as AerialVLN, our dataset presents a unique challenge

because agents must interpret spatial relationships between

real-world landmarks and the navigation destination, mak-

ing CityNav an essential benchmark for advancing aerial

VLN. Furthermore, as an initial step toward addressing

this challenge, we provide a methodology of creating ge-

ographic semantic maps that can be used as an auxiliary

modality input during navigation. In our experiments, we

compare performance of three representative aerial VLN

agents (Seq2seq, CMA and AerialVLN models) and demon-

strate that the semantic map representation significantly im-

proves their navigation performance.

1. Introduction
Vision-and-language navigation (VLN) has emerged as a
pivotal task in embodied artificial intelligence, in which an
agent learns to navigate complex environments by follow-
ing natural language description [2, 23, 36, 57, 58]. Over
the past decade, significant progress has been made in de-

*Equal contribution

Figure 1. CityNav is a new aerial navigation dataset consisting of
32,637 human demonstration trajectories across real-world cities.

veloping VLN datasets and models across diverse environ-
ments, ranging from indoor house scenes [21, 25, 27, 37,
49, 59] to outdoor urban scenes [8, 17, 33, 45, 50, 52], with
applications in robotics [3, 10, 30, 31, 42, 55].

To further broaden the scope of VLN, several recent
studies have introduced aerial VLN datasets, which aim to
facilitate autonomous navigation with unmanned aerial ve-
hicles (UAVs). For example, Fan et al. [13] constructed
the AVDN dataset, which provides 3k trajectories over 2D
satellite images with human-human dialog. Liu et al. [29]
introduced the AerialVLN dataset, containing 9k trajecto-
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Dataset Real Viewpoint Environment Trajectories Instructions Total length Action space Vocabulary

R2R [2] ↭ Ground Indoor 7,189 21,567 71.9K Graph 3.1k
R→R [25] ↭ Ground Indoor 13,992 13,992 0.2M Graph 7.0k
CVDN [44] ↭ Ground Indoor 7,415 2,050 – Graph 4.4k
REVERIE [37] ↭ Ground Indoor 7,234 21,702 72.3K Graph 1.6k
SOON [59] ↭ Ground Indoor 7,234 21,702 72.3K Graph 1.6k
VLN-CE [23] ↭ Ground Indoor 4,475 13,425 49.7K Graph 4.3k
TouchDown [8] ↭ Ground Outdoor 9,326 9,326 2.9M Graph 5.0k
Talk2Nav [45] ↭ Ground Outdoor 10,714 10,714 – Graph 5.2k

LANI [34] Aerial Outdoor 6,000 6,000 0.1M 2 DoF 2.3k
AVDN [13] ↭ Aerial Outdoor 3,064 6,269 0.9M 3 DoF 3.3k
AerialVLN [29] Aerial Outdoor 8,446 25,338 5.6M 4 DoF 4.5k
CityNav (Ours) ↭ Aerial Outdoor 32,637 32,637 17.8M 4 DoF 6.4k

Table 1. Comparison of representative VLN datasets. Real: ↭ indicates datasets of a real-world environment.

ries in a 3D synthetic city environment. This line of re-
search opens new avenues for VLN research and serves as a
critical foundation for real-world applications such as au-
tonomous aerial delivery, disaster response, and environ-
mental monitoring. However, aerial VLN in real-world
city environments remains underexplored due to the lack
of high-fidelity 3D datasets with real-world complexity and
the difficulty of integrating multimodal geographic and vi-
sual information for robust UAV navigation.

To address this limitation, we introduce CityNav, the
first large-scale real-world 3D dataset for aerial VLN, which
covers 4.65 km2 across two real cities: Cambridge and
Birmingham. We collected 32,637 human demonstration
trajectories, each representing a navigation path toward a
designated goal object in 3D space. To support this, we de-
veloped CityFlight, a realistic environment for flight simu-
lation based on real-world 3D scan data. Compared to exist-
ing datasets composed of synthetic 3D scenes such as Aeri-
alVLN, CityNav presents a unique challenge: agents must
interpret spatial structure such as real-world landmarks and
the navigation destination as shown in Figure 1. To the
best of our knowledge, CityNav is the largest aerial VLN
dataset to date in terms of trajectory count, as evidenced by
the comparison of representative VLN datasets in Table 1.

As CityNav introduces new challenges, we also provide
a baseline approach as an initial step toward addressing
them. Specifically, we introduce the geographic semantic
map (GSM) representation from which agents can acquire
geographic information including landmark locations. This
representation can be integrated into existing VLN mod-
els as an auxiliary modality input, which in turn improves
their navigation performance through training with human-
demonstrated trajectories. In experiments, we conduct ex-
tensive evaluation using three representative aerial VLN
models: Seq2Seq [2], cross-modal attention (CMA) [2],
and AerialVLN [29], and demonstrate that the semantic

map representation unlocks their ability to learn visual and
geographic features for more effective navigation. In sum-
mary, our main contributions are threefold:
1) We introduce CityNav, a real-world aerial VLN dataset

consisting of 32,637 human demonstration trajectories
spanning 4.65 km2 across two real cities. This dataset
contains the largest number of aerial trajectories to date.

2) We provide the GSM representation that enables exist-
ing VLN models to learn effective navigation paths from
visual and geographic information.

3) We conduct extensive experiments to evaluate three rep-
resentative VLN models: Seq2seq, CMA and Aeri-
alVLN. We demonstrate that the GSM representation
significantly improves their navigation performance.

2. Related Work
High-fidelity 3D scanning technologies have opened new
research avenues for embodied AI. Over the past decade,
numerous datasets and tasks for 3D environments have been
proposed, ranging from ground-level to aerial perspectives.
Ground-level Datasets. Early efforts focused on com-
puter vision tasks such as object detection and semantic
segmentation in 3D indoor environments [4–6, 9, 22, 38,
40, 51, 53]. Building upon them, researchers have devel-
oped a variety of datasets and benchmarks for 3D vision-
and-language tasks, including VLN [2, 20, 23–25, 39, 46],
vision-and-dialog navigation [19, 36, 44], embodied re-
ferring expressions [21, 37, 47], and embodied question
answering [11, 16, 32, 43, 49, 54]. Specifically, several
studies have extended VLN to outdoor environments. For
example, TouchDown [8] introduced navigation tasks in
street-level environments, providing 9,326 human demon-
stration trajectories paired with natural language descrip-
tions. Talk2Nav [45] collected 10,714 trajectories with
verbal descriptions in an interactive environment based on
Google Street View.
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Figure 2. CityFlight is a 3D environment for flight simulation. Five actions, each mapped to a keyboard key, allow movement and rotation
of the UAV. The 3D environment is synchronized with OpenStreetMap. Human annotators are asked to navigate to the specified goal object
within the 3D scene.

Aerial Datasets. Aerial VLN is an emerging task focused
on navigating flying vehicles such as UAVs in environments
much larger than indoor spaces [13–15, 26, 34, 48, 56]. We
highlight representative studies among these, starting with
LANI [34], the first dataset in this domain, which provides
6,000 pairs of natural language descriptions and trajecto-
ries in a small virtual environment. AVDN [13] collected
3,064 aerial navigation trajectories with human-to-agent di-
alog over 2D satellite images from xView [26]. Most re-
cently, AerialVLN [29] provided 8,446 human demonstra-
tion trajectories in a 3D synthetic city environment, while
proposing a navigation model that incorporates a look-
ahead guidance mechanism into the cross-modal attention
model [2], achieving state-of-the-art aerial navigation per-
formance. Following this line of research, CityNav extends
aerial VLN to large-scale real-world environments, posing
the challenge of comprehending spatial relationships be-
tween real landmarks and designated goal object.

3. CityNav Dataset
This section introduces the CityNav dataset, which provides
the CityFlight environment for UAV-based aerial navigation
over 4.65 km2 across two real cities, along with a high-
quality set of 32,637 human demonstration trajectories. A
statistical comparison of CityNav with representative VLN
datasets is shown in Table 1. To the best of our knowledge,
CityNav offers the largest number of human demonstration
trajectories to date for aerial VLN.

3.1. CityFlight Environment
To provide a realistic environment for flight simulation, we
develop CityFlight on real-world 3D scan data. As shown
in Figure 2, this environment is synchronized with Open-
StreetMap to allow agents to verify their location. UAVs
can fly up to an altitude of 200 meters during navigation.
3D Scan Data. We build CityFlight upon 3D point cloud

data of Cambridge and Birmingham obtained from Sensat-
Urban [18] because this data is derived from real-world 3D
scans, accurately representing actual cityscapes and thus en-
abling the effective utilization of real-world geographic in-
formation.
Action Space. The position of an agent is represented as
a 5D pose p = (x, y, z, ω,ε) → R5, where (x, y, z) de-
notes the spatial coordinates, and (ω,ε) denotes pitch and
yaw. The environment renders view images using the 3D
data based on the given 5D pose. The action space is then
defined as A={move-forward, turn-left, turn-right, ascend,
descend, stop}. The move-forward action moves the UAV
forward by 5 meters in the direction it is facing. The turn-
left and turn-right actions rotate the UAV by 30 degrees
counterclockwise and clockwise, respectively. The ascend
and descend actions move the UAV up and down by 2 me-
ters, respectively. The stop action halts the UAV’s move-
ment. These actions are chosen for their effectiveness in
aerial VLN [29], as they balance simplicity and expressive-
ness.
OpenStreetMap. To incorporate real-world geographic
context, we provide functions for retrieving data from
OpenStreetMap. Specifically, we offer 1) a function to con-
vert between 3D coordinates in the environment and real-
world 2D map coordinates, and 2) a function to obtain seg-
ments from landmark names. This allows agents to use real-
world spatial knowledge to improve navigation.
For the use of GNSS. Our simulator can provide UAVs
with absolute GNSS coordinates at any level of precision,
which they may use during navigation. However, our City-
Nav setting assumes that the absolute coordinates of the
goal are not available, in line with existing VLN settings.
Indeed, our primary goal is for UAVs to locate a textually
specified goal object, compelling navigation models to in-
terpret both geographical and visual cues following the de-
scriptions. Consequently, we exclude any scenarios where
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the goal coordinates are known, as they fall outside the
scope of existing VLN settings.
Implementation Details. CityFlight is implemented with
Potree [41], an open-source WebGL-based point cloud ren-
derer. This enables 3D scene visualization in a web browser
and thereby supports crowdsourced data collection via man-
ual UAV operation. During data collection, each of the six
actions is assigned to a specific key press, and an additional
rollback key is provided to undo mistakes. OpenStreetMap
is displayed alongside the 3D view, and both update syn-
chronously with each movement action.

3.2. Task Definition
Within the CityFlight environment, the VLN task is to lo-
cate a goal object specified by a textual description, utilizing
both visual and geographic information.
Goal Description. To select candidate goal points, we use
the CityRefer dataset [35], which provides 35,196 natural
language expressions for 5,800 objects in the SensatUrban
dataset. The goal of navigation is specified by 3D coordi-
nates and described in natural language, either as a specific
object (e.g., a car or a building) or as a particular location
(e.g., a park or a parking lot). Each description includes at
least one landmark and specifies the goal object by describ-
ing its spatial relationships with surrounding objects. The
agent learns to navigate using visual and geographic obser-
vations from the environment.
Starting Point. The starting point is randomly chosen
within a 500-meter radius of the goal on the map. The alti-
tude is randomly set between 100 and 150 meters.
Success Criteria. A navigation episode is deemed success-
ful if the agent stops within a 20-meter spherical radius of
the goal coordinates.
Evaluation Metrics. We use four metrics to evaluate nav-
igation episodes: navigation error (NE), success rate (SR),
oracle success rate (OSR), and success weighted by path
length (SPL). NE measures Euclidean distance from the
agent’s stopping point to the goal. SR is the fraction of
episodes where the agent meets the success criteria. OSR is
the fraction of episodes where at least one point during nav-
igation meets the success criteria. SPL is a metric where
SR is weighted by the ratio of the optimal path length to the
actual path taken, rewarding short navigation paths [1].

3.3. Human Demonstration Trajectories
Human demonstration trajectories are collected via Ama-
zon MTurk using the web interface of CityFlight. A total
of 171 annotators who passed the qualification test con-
tributed to the data collection, resulting in 32,637 high-
quality description-trajectory pairs. The distribution of
goal object types was diverse, comprising 48.3% buildings,
40.7% cars, 7.4% ground, and 3.6% parking lots, each vary-
ing in size, shape, and color.

Figure 3. Distance to goal Figure 4. Description length

Figure 5. Number of actions Figure 6. Action distribution

Annotation Interface. In the CityFlight web interface, an-
notators are presented with a 3D view image, a 2D map and
a textual description of the specified goal object. Before
annotation, we explained our research project to the anno-
tators, including the objective of this study, the task defini-
tion, and the fact that the data would be publicly released.
Upon submission, the trajectory from the starting point to
the endpoint is recorded. To help annotators assess their
navigation quality, the distance to the goal is displayed after
submission.
Data Collection and Quality Control. Human demonstra-
tion trajectories were collected via Amazon MTurk. To en-
sure high quality data, we conducted data collection in three
stages: qualification, initial collection, and re-collection. In
the qualification stage, we screened annotators via naviga-
tion trials as the qualification tests to verify their ability to
complete the task efficiently. Annotators who failed to reach
their assigned goal or took more than twice the average
completion time were excluded. During the initial collec-
tion stage, trajectories were gathered for each goal. Among
them, 18.4% did not meet the success criteria and were ex-
cluded. In the re-collection stage, annotators were asked to
perform navigation for the excluded cases. Even after this
step, trajectories for 7.2% of goals still failed to meet the cri-
teria and were removed from the dataset. Through this rig-
orous process, we finalized 32,637 high-quality description-
trajectory pairs for our dataset.
Additional Details. Data collection required 711 total
working hours at an hourly rate of $12.83, totaling $9,123.
Overall, 171 annotators who passed the qualification con-
tributed to the final dataset.
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Figure 7. Action proportion near landmarks.

3.4. Dataset Statistics

Distance to Goal. Figure 3 shows the distribution of dis-
tances from the starting point to the goal. The distance
varies from 50 meters to 500 meters, with a typical distance
of around 200 meters. This variety allows for the evaluation
of diverse navigation scenarios.

Description Lengths. Figure 4 shows the distribution of
description lengths in terms of the number of words, along
with the word cloud representation of the word distribution.
As shown, words indicating relative positions (e.g., left and
right) as well as those representing visual information about
the goal (e.g., colors and object parts) are frequently in-
cluded. This shows that our dataset requires a comprehen-
sive understanding of both visual and geographic informa-
tion, opening new avenues for aerial VLN research.

Number of Actions. Figure 5 shows the distribution of the
number of actions required to reach the goal. The average
number of actions is 240. Compared to existing datasets
such as ADVN (49 actions) and AerialVLN (230 actions),
our dataset is of comparable or greater trajectory length.

Action Distribution. Figure 6 shows the distribution of ac-
tions compared to those taken during navigation along the
shortest path. While the human annotators take some ad-
ditional ascending movements to get a better view of sur-
rounding objects, the overall distribution remains close to
that of the shortest path.

Action Proportion Near Landmarks. Figure 7 shows
the proportion of actions near landmarks. For each trajec-
tory, we extracted the landmark name from the associated
description and determined whether the agent passed over
the landmark polygon. The results indicate that human-
annotated trajectories tend to pass near landmarks more fre-
quently compared to the shortest path.

Overall, the CityNav dataset covers a diverse range of nav-
igation scenarios in real-world 3D environments, providing
a rich resource for advancing research in aerial VLN.

Figure 8. Geographic semantic map (left) aligned with 3D scene
(right).

4. Models
We provide three baseline models for CityNav as an ini-
tial step toward addressing real-world aerial VLN. Specif-
ically, we select three representative models: Seq2Seq [2],
CMA [2], and AerialVLN [29], because of their strong per-
formance in aerial navigation. Furthermore, to unlock their
ability to leverage geographic information derived from 2D
maps, we introduce the geographic semantic map represen-
tation that can be used as an auxiliary modality input to
these models.

4.1. Baseline Models
Seq2Seq [2]. This model employs a recurrent policy to pre-
dict the next action based on the current observation and
navigation descriptions. Specifically, it extracts hidden fea-
tures using a GRU: ht = GRU([z(t)

RGB, z
(t)
depth, ztext],ht→1),

where z(t)
RGB is an RGB image representation extracted by a

ResNet-50, z(t)
depth is a depth image representation extracted

by another ResNet-50, and ztext is a text representation of
input descriptions extracted by an LSTM. The action at time
t is then predicted from ht through a learnable linear layer.
Cross-Modal Attention (CMA) [2]. This model extends
Seq2Seq by incorporating a bi-LSTM with cross-modal at-
tention modules to enhance the integration of the RGB,
depth, and text representations. This is a classical model
originally proposed for indoor VLN, and its effectiveness
in aerial VLN is reported in [29].
AerialVLN [29]. This model is a state-of-the-art model
for aerial VLN. By introducing the look-ahead guidance to
the CMA model, this model enables the navigation agent to
learn to move toward several steps ahead during training.

4.2. Geographic Semantic Map
While the baseline models effectively integrate RGB, depth
and text information for aerial navigation, they are not capa-
ble of leveraging real-world geographic information such as
landmark locations. To address this limitation, we introduce
the geographic semantic map (GSM), a simple yet effective
representation that integrates map data retrieved from Open-
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Method GNSS
Val-seen Val-unseen Test-unseen

NE↑ SR↓ OSR↓ SPL↓ NE↑ SR↓ OSR↓ SPL↓ NE↑ SR↓ OSR↓ SPL↓
Seq2Seq [2] 257.1 1.81 7.89 1.58 317.4 0.79 8.82 0.61 245.3 1.50 8.34 1.30
Seq2Seq+GSM ↭ 58.5 8.43 17.31 7.28 78.6 5.13 10.90 4.65 98.1 3.81 13.92 2.79

CMA [2] 240.8 0.95 9.42 0.92 268.8 0.65 7.86 0.63 252.6 0.82 9.70 0.79
CMA+GSM ↭ 68.0 6.25 13.28 5.40 75.9 4.38 9.29 3.90 94.6 4.68 12.01 4.05

AerialVLN [29] 185.2 1.73 3.45 0.59 192.8 1.18 2.83 0.44 187.7 1.79 3.83 0.62
AerialVLN+GSM ↭ 56.6 10.16 22.20 7.89 72.7 6.35 15.24 5.06 85.1 6.72 18.21 5.16
Human 9.1 89.31 96.40 60.17 9.4 88.39 95.54 62.66 9.8 87.86 95.29 57.04

Table 2. Navigation performance comparison. Geographic semantic map representation (GSM) is incorporated into each baseline model.

StreetMap with the pose of agent. As shown in Figure 8, the
GSM indicates informative areas such as landmarks and the
explored area.
Categories. The GSM consists of five categories: current
field of view, explored area, landmarks, potential goals, and
surrounding objects. These categories are selected because
it is essential to understand the spatial relationships between
the explored area and objects. The current field of view
and explored area are acquired from the GNSS coordinates.
Landmarks are segments retrieved from OpenStreetMap.
Potential goals and surrounding objects are detected using
an object detector (Grounding DINO [28]). Before naviga-
tion begins, landmark and object names are extracted using
a language model (GPT-3.5). Binary masks aligned with
the 2D map are generated for each category and used as a
GSM.
Integration into VLN models. The GSM s is encoded
using a small convolutional neural network E as z(t)

map =

E(s). The GSM representation z(t)
map can then be used as

an auxiliary modality input. For the three models in Sec-
tion 4.1, z(t)

map is integrated into the GRU module by append-
ing it to the sequence [z(t)

RGB, z
(t)
depth].

5. Experiments
We conduct extensive evaluations of VLN models on the
CityNav dataset. We first demonstrate that incorporating
geographic semantic maps significantly improves the nav-
igation performance across all baseline models. We then
conduct a detailed analysis highlighting the importance of
training with human demonstration trajectories and assess-
ing model robustness in more challenging scenarios, includ-
ing disaster simulations.

5.1. Experimental settings
Dataset Split. We divide the CityNav dataset into four dis-
tinct subsets: train, val-seen, val-unseen, and test-unseen.
The train and val-seen subsets, which contain 22,002 and

2,498 descriptions, respectively, share the same 24 scenes.
The val-unseen (2,826 descriptions, 4 scenes) and test-
unseen (5,311 descriptions, 6 scenes) subsets consist of dis-
tinct scenes not encountered during training, enabling eval-
uation of the model’s generalizability to novel scenarios.
Evaluation Metrics. The four evaluation metrics are used:
NE (meters), SR (%), OSR (%) and SPL (%), as described
in Section 3.2.
Implementation Details. The three representative baseline
models (Seq2Seq, CMA, and AerialVLN) are implemented
with and without the geographic semantic map as described
in Section 4.1. All models are trained on the train subset
using the Adam optimizer for five epochs, with a learning
rate of 1.5 ↔ 10→3 and a batch size of 12. The semantic
map encoder E consists of five convolutional layers with
max-pooling and ReLU activations. All models use the
ResNet-50 encoders that are pre-trained on ImageNet [12]
and PointGoalNav [1] for the RGB and depth modalities,
respectively.

5.2. Experimental Results
Main Results. Table 2 summarizes the results on the three
evaluation subsets. As shown, the semantic map represen-
tation significantly improves the performance of all models.
This is because it provides richer contextual information
derived from a real-world 2D map, enabling better plan-
ning for more effective navigation. Among the three mod-
els, AerialVLN performed the best, followed by CMA in
terms of navigation error in unseen environments. This ob-
servation aligns with that of existing literature [29], indicat-
ing that CityNav is consistent with prior benchmarks and
effectively captures new challenges present in real-world
aerial VLN. When comparing the results of the val-seen
and val-unseen subsets, navigation performance is consis-
tently higher on val-seen across all metrics. This indicates
that CityNav can serve as a valuable resource for developing
VLN models that generalize to unseen city environments.
Human Evaluation. We also report the results of human
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Figure 9. Success rate comparison for short vs. long instructions
(test-unseen). The categorization is based on the average instruc-
tion length and the number of landmarks.

Figure 10. Success rate comparison for few vs. many landmarks
(test-unseen). The categorization is based on the average instruc-
tion length and the number of landmarks.

evaluation in Table 2. As shown, humans achieve a success
rate of 87–90% across all subsets. Since CityNav involves
navigation tasks in extremely large environments, a signif-
icant performance gap remains between current VLN mod-
els and human navigators, highlighting a critical challenge
for future research.
Impact of description length and landmark density. To
better understand the effectiveness of GSM, we analyze its
influence on navigation performance with respect to two
critical factors: description length (short vs. long) and
landmark density (few vs. many landmarks). As shown
in Figure 9, longer descriptions consistently lead to higher
SR compared to shorter ones, suggesting that richer con-
textual details help models better align navigation actions
with the goal object’s surroundings and relevant geographic
cues. Similarly, Figure 10 indicates that higher landmark
density boosts SR for all models, likely due to better utiliza-
tion of landmarks. These results highlight the importance
of leveraging detailed geographic contextual information in
descriptions.
Necessity of human demonstrations. The effectiveness of
training with shortest-path trajectories has been reported in
some previous studies for indoor environments [7, 11, 49],
raising the question of whether human demonstration tra-
jectories are necessary for training. In response to this ques-

Training data Size NE ↑ SR ↓ OSR ↓ SPL ↓
Shortest path 8k 99.1 4.43 13.49 4.36
Human demonstrations 8k 92.8 5.27 15.59 5.21
Shortest path 22k 95.1 4.96 15.22 4.85
Human demonstrations 22k 85.1 6.72 18.21 5.16

Table 3. Comparison of training with shortest paths and human
demonstration trajectories (test-unseen).

Training data Noise NE ↑ SR ↓ OSR ↓ SPL ↓
Shortest path 95.1 4.96 15.22 4.85
Human demonstrations 85.1 6.72 18.21 5.16
Shortest path ↭ 123.1 2.37 6.88 2.35
Human demonstrations ↭ 95.0 4.92 12.77 4.79

Table 4. Noise robustness evaluation results (test-unseen).

Method NE ↑ SR ↓ OSR ↓ SPL ↓
AerialVLN+GSM 85.1 6.72 18.21 5.16
w/o landmarks 190.7 0.60 6.94 0.56
w/o potential destination 92.8 3.97 13.08 3.86
w/o surroundings objects 87.5 5.17 15.16 5.10

Table 5. Ablation study (test-unseen).

tion, we compare the AerialVLN+GSM models trained on
shortest-path trajectories and human demonstration trajec-
tories in Table 3. We observe that models trained on hu-
man demonstration trajectories achieve higher performance.
This is because training on shortest-path trajectories fail to
learn the relative positions of the goal and other objects,
as landmarks and surrounding objects may not be observed
along the paths. Notably, when the amount of training data
is increased, the performance improvement is more substan-
tial for the model trained on human demonstration trajecto-
ries, showing a clear margin over that trained on shortest-
path trajectories. This indicates that CityNav involves com-
plexities that cannot be fully addressed by relying solely on
simple shortest paths.

Moreover, training on human demonstration trajectories
leads to superior robustness. To demonstrate this, we con-
duct robustness evaluation experiments by adding Gaussian
noise (±100 meters) to the agent’s position during the test-
ing phase. As shown in Table 4, the performance gap be-
tween models trained on human demonstration trajectories
and shortest paths widens significantly (e.g., from 10.0 to
28.1 in NE). This robustness is due to the greater trajectory
diversity in human demonstration data.
Ablation study. Table 5 shows the results of the ablation
study on the GSM representation. As shown, each com-
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This is a semicircular green ground. this space is on the 
side of the square green space in the inner courtyard 

between the hall building and the emmanuel college chapel 
buildings. There are trees on this area.

A black car that has a Gray car in front of it, that also has a 
group of three cars across from it, on black one gray and one 

white, off Staffordshire Gardens, in front of a multicolored 
beige and white multi housing unit complex with a gray roof 

that is next to the shenstone house off Norfolk Street.

This is a parking lot with two white cars, two red cars and 
one black car. this parking lot is close to Nash Square road.

The building on Cliveden Avenue that is next to the 
building on the corner of Cliveden Avenue and 

Teddington Grove. It has a white car and a black car on 
the road at the end of it's driveway.

A building with grey roof situated at the intersection 
point of two road named Hertford street and Chesterton 
road. The Edward's Court building is situated at the right 

side of it along the Hertford street.

Large beige building with a multi-colored Brown and 
gray roof that is connected s to the Edwards court 

building off Hertford Street.

Figure 11. Qualitative examples.

ponent contributes to improving performance. We also ob-
serve that removing landmark information leads to a signif-
icant drop in performance. This indicates that learning both
visual and geographical information is essential.
Qualitative examples. Figure 11 shows qualitative ex-
amples. These examples demonstrate how integrating ge-
ographic data with navigation models enhances spatial
awareness and target localization. By leveraging geo-
graphic cues, the agent effectively aligns its movements
with described landmarks, refines its trajectory based on en-
vironmental context, and adapts to complex descriptions. In
the top-left example, the aerial agent navigates through an
urban environment by recognizing key landmarks such as
“Hall” and “Emmanuel College Chapel,” the agent refines
its route and successfully identifies the semicircular green
ground described in the accompanying text “trees on this
area”. These findings highlight the potential of combining
linguistic and geographic information to improve naviga-
tion efficiency in real-world scenarios.

6. Conclusion
In this paper, we introduced CityNav, a new dataset for
real-world aerial navigation that covers 4.65 km2 across
Cambridge and Birmingham. We collected 32,637 high-
quality human demonstration trajectories, making CityNav
the largest aerial VLN dataset to date. As an initial step
toward real-world aerial VLN, we provided three baseline
models and introduced a semantic map representation. In
our experiments, we evaluated the performance of these

models and demonstrated that the semantic map representa-
tion substantially improves their performance. We also in-
vestigated a challenging scenario simulating a flooding dis-
aster to assess the robustness of each model. Finally, we
discuss limitations and future work.
Limitations. Although CityNav spans large areas of two
real cities, its coverage remains limited when compared to
cities worldwide. Expanding the dataset to cover more ur-
ban regions would require reducing the cost of conducting
3D scans of outdoor environments.
Future research directions. A promising avenue for future
work involves exploring multi-agent collaboration when
searching for a goal object in large 3D environments. In
this work, annotators performed navigation tasks indepen-
dently, primarily because coordinating multiple annotators
on Amazon MTurk is challenging. However, real-world
scenarios often involve collaboration among multiple in-
dividuals, making a multi-agent dataset an appealing ob-
jective. Another interesting direction is integrating aerial,
ground-level, and indoor navigation within a unified frame-
work. Achieving this goal is difficult due to the substantial
differences in the granularity of 3D scans required for these
three domains. We believe CityNav lays an important foun-
dation for advancing VLN in real-world applications and
for contributing to these broader research efforts.
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[36] Khanh Nguyen and Hal Daumé III. Help, Anna! visual nav-
igation with natural multimodal assistance via retrospective
curiosity-encouraging imitation learning. In Proceedings of

the Conference on Empirical Methods in Natural Language

Processing and International Joint Conference on Natural

Language Processing (EMNLP-IJCNLP), pages 684–695,
2019. 1, 2

[37] Yuankai Qi, Qi Wu, Peter Anderson, Xin Wang,
William Yang Wang, Chunhua Shen, and Anton van den
Hengel. Reverie: Remote embodied visual referring ex-
pression in real indoor environments. In Proceedings of

the IEEE/CVF Conference on Computer Vision and Pattern

Recognition (CVPR), 2020. 1, 2
[38] Santhosh Kumar Ramakrishnan, Aaron Gokaslan, Erik Wi-

jmans, Oleksandr Maksymets, Alexander Clegg, John M
Turner, Eric Undersander, Wojciech Galuba, Andrew West-
bury, Angel X Chang, Manolis Savva, Yili Zhao, and Dhruv
Batra. Habitat-matterport 3d dataset (HM3d): 1000 large-
scale 3d environments for embodied AI. In Proceedings of

the Annual Conference on Neural Information Processing

Systems (NeurIPS), 2021. 2
[39] Ram Ramrakhya, Eric Undersander, Dhruv Batra, and Ab-

hishek Das. Habitat-web: Learning embodied object-search
strategies from human demonstrations at scale. In Proceed-

ings of the IEEE/CVF Conference on Computer Vision and

Pattern Recognition (CVPR), pages 5173–5183, 2022. 2
[40] Manolis Savva, Abhishek Kadian, Oleksandr Maksymets,

Yili Zhao, Erik Wijmans, Bhavana Jain, Julian Straub, Jia
Liu, Vladlen Koltun, Jitendra Malik, Devi Parikh, and Dhruv
Batra. Habitat: A Platform for Embodied AI Research. In
Proceedings of the IEEE/CVF International Conference on

Computer Vision (ICCV), pages 9339–9347, 2019. 2
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