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ABSTRACT

Vision-Language Navigation (VLN) for urban UAVs is frequently hindered by
“landmark blindness,” where target landmarks are not visible from the agent’s
initial viewpoint. We address this by fine-tuning small Vision-Language Mod-
els using a “Map-in-Pixel” approach that interleaves 16 steps of egocentric visual
frames with global geographic snapshots. To mitigate the data scarcity inherent
in VLN datasets, we propose a synthetic augmentation strategy that generates di-
verse, causally consistent trajectories from randomized starting points. Through
granular evaluation and targeted trajectory synthesis, we demonstrate that this
history-rich training significantly improves the agent’s ability to navigate toward
distant objects. Our approach achieves a success rate of 12.5% on the CityNav
unseen test set, nearly doubling the baseline (6.4%), while simultaneously reduc-
ing navigation error below baseline levels. This work underscores the efficacy of
pixel-encoded maps, temporal history, and targeted data-centric design in empow-
ering small-scale multimodal agents for long-horizon missions.

1 INTRODUCTION

Recent progress in vision–language models (VLMs) has enabled agents to follow natural language
instructions in complex visual environments. Extending VLN to unmanned aerial vehicles (UAVs)
introduces additional challenges: 3D motion, long-horizon planning, partial observability, and in-
creased sensitivity to control artifacts in the data. City-scale aerial benchmarks such as CityNav (Lee
et al., 2024) provide realistic environments reconstructed from aerial imagery and point clouds,
along with human-piloted trajectories. However, effectively training VLM-based policies on City-
Nav remains difficult: baseline models struggle to interpret the landmark map reliably and can be
dominated by spurious biases such as skewed action distributions.

In this work we fine-tune a compact open-source VLM for map-grounded aerial navigation on City-
Nav. The model receives three inputs at each step: a natural language instruction, a landmark map
showing the agent pose and landmark polygon, and an egocentric RGB view. It then autoregressively
predicts the next discrete action token.

We make three contributions:

• Action imbalance diagnosis and mitigation. We show CityNav has a severe action skew
(e.g., forward/down dominate), which biases token-level action prediction. We mitigate this
via action grouping, introducing composite action tokens that reduce distribution skew.

• History-aware conditioning. We incorporate recent trajectory context by providing a se-
quence of past landmark maps. This substantially improves generalization on Val Unseen.

• Skill-focused synthetic supervision. To address overfitting and the recurring failure mode
of misreading the map, we propose a targeted synthetic dataset covering discrete geomet-
ric cases for landmark/target alignment, improving navigation error on Test Unseen while
preserving success.
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2 RELATED WORK

Aerial VLN benchmarks. Aerial Vision-and-Dialog Navigation (AVDN) (Fan et al., 2022) intro-
duces dialog-driven UAV control in a photorealistic simulator, emphasizing interactive instruction
following. AerialVLN (Liu et al., 2023) proposes city-scale UAV VLN in a 3D simulator with near-
realistic renderings and height-aware control. OpenFly (Gao et al., 2025) scales aerial VLN with
a large toolchain and multi-granularity actions. CityNav (Lee et al., 2024) occupies a complemen-
tary regime: human-piloted trajectories rendered from real imagery and 3D point clouds, enabling
AirSim-based photogrammetric simulation (Shah et al., 2018).

Map-grounded navigation with VLMs. Recent systems explore reasoning over global semantic
maps and structured representations for UAV navigation (e.g., FlightGPT (Cai et al., 2025)), often
under a formulation where the model has broad global context. In contrast, CityNav provides a local
landmark map and egocentric view; we show that in this local-observation regime, data-centric inter-
ventions (action grouping, history, and targeted synthetic skills) yield strong gains without requiring
complex global-map reasoning. We note that several recent UAV systems operate in a different
problem setup where the model receives a global map (or the entire scene map) and directly predicts
the destination or waypoint, rather than producing step-by-step navigation actions. Since our setting
requires sequential action prediction under local observations, such global-map formulations are not
directly comparable to CityNav action-based baselines, and we treat them as complementary.

3 CITYNAV DATASET

We use CityNav (Lee et al., 2024), which provides instruction-goal navigation trajectories in envi-
ronments reconstructed from real aerial imagery and point clouds. At each step, the agent observes a
top-down landmark map with pose/orientation and an egocentric RGB view. The goal is to follow the
instruction and reach the target; we evaluate using Navigation Error (NE, lower is better), Success
Rate (SR, higher is better), and Oracle Success Rate (OSR, higher is better) under the benchmark
protocol. The camera observes only a local neighborhood around the UAV, while a full town map
with landmarks is available as the landmark map input.

4 METHOD

4.1 POLICY MODEL

We fine-tune Qwen3-VL-4B (Bai et al., 2025) as the base model. At each step, the input consists
of: (i) the instruction text, (ii) the current visual observations: landmark map image (with landmark
polygon and agent pose/orientation) and first-person RGB view. (iii) a serialized history of past
landmark maps, first-person RGB views and previous actions. All visual inputs are processed by
the same frozen vision encoder. We train with next-token prediction using cross-entropy loss. We
represent each action as a short natural-language token (e.g., [Forward], [Left], [Right],
[Up], [Down], [Stop]), enabling the VLM to learn action prediction in the same autoregressive
decoding space as standard text generation.

4.2 TRAINING DETAILS

We use a peak learning rate of 2 × 10−5 with cosine scheduling and warmup. We train with batch
size 4 per GPU across 8 NVIDIA H100 GPUs. We resize the landmark map to 112 × 112 and the
local view to 224× 224 for efficiency while retaining spatial cues. We freeze the vision encoder in
all experiments.

4.3 ACTION GROUPING FOR IMBALANCE

CityNav exhibits a strong action imbalance: MOVE FORWARD and GO DOWN appear far more fre-
quently than other actions, which biases token-level learning. Following the intuition in Open-
Fly (Gao et al., 2025), we introduce composite action tokens that represent repeated primitives: GO
UP×4, GO DOWN×4, and MOVE FORWARD×2. For example, four consecutive 2m upward steps
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Qwen3-VL-4B

[Forward]
"The building 

with a car

 park in front..."

[Forward]

Prompt

. . .[Down]

ω1

    Map1         View1          Action1     Map2         View2          Action2   Map16        View16

[Down][Forward]

cross-
entropy ω2 ω16

Figure 1: Overview of the method pipeline. The model receives an instruction, a landmark map
(with pose/orientation), and an egocentric RGB view, and autoregressively predicts discrete action
tokens.

become a single 8m upward token; two consecutive 5m forward steps become a 10m forward to-
ken. This reduces distribution skew and improves generalization by discouraging over-prediction of
dominant primitives.

4.4 HISTORY CONDITIONING

Navigation decisions benefit from awareness of past observations and actions. We condition the
model on a sequence of past landmark maps (history size H ∈ {0, 8, 16}) by concatenating them
into the input context. We tune H on Val Unseen and use H=16 for subsequent experiments.

History reset. During inference, episodes often exceed the history window size H . Rather than
maintaining a sliding window of the most recent H maps, we reset the history buffer to empty once
H steps have been accumulated. This prevents stale context from degrading predictions in long
episodes and allows the model to re-orient from a clean state periodically.

4.5 LOSS VARIANTS

We investigate several loss formulations to better align training objectives with the navigation task.
In our setting, the model autoregressively predicts a sequence of tokens, where the final action token
determines the actual navigation behavior executed by the UAV. Consequently, correctness of the
last predicted token is particularly critical, as it directly corresponds to the chosen navigation action.

We experiment with three loss variants:

Baseline loss. Our baseline uses the standard autoregressive cross-entropy loss, where all tokens
in the output sequence are weighted equally. This corresponds to the conventional training objective
used in most Vision–Language Model fine-tuning setups and serves as a reference point.

Linearly weighted loss. To emphasize later tokens in the output sequence, we introduce a
weighted cross-entropy loss where token weights increase linearly from 0 to 1 across the sequence.
Formally, earlier tokens receive lower weights, while tokens closer to the end of the sequence are
assigned higher importance. This formulation biases learning toward accurately predicting later
tokens, while still retaining supervision over the entire sequence.

Last-token-only loss. We also experiment with a loss that is applied only to the final token of
the output sequence. In this formulation, intermediate tokens are ignored during loss computation,
and optimization focuses exclusively on predicting the final action token correctly. The motivation
behind this variant is that navigation correctness is ultimately determined by the last predicted action,
making it a direct proxy for decision accuracy.
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[Forward]

 ω1=1

[Down][Forward]

ω2=1 ω16=1

(a) Baseline loss (all tokens equally weighted)

[Forward]

 ω1=1/16

[Down][Forward]

ω2=2/16 ω16=1

(b) Linearly weighted loss (increasing weight toward final token)

[Forward]

 ω1=0

[Down][Forward]

ω2=0 ω16=1

(c) Last-token-only loss

Figure 2: Comparison of different loss formulations used during training. (a) Standard cross-entropy
applied uniformly across all tokens. (b) Linearly weighted loss emphasizing later tokens in the action
sequence. (c) Loss applied only to the final token, which directly determines the next navigation
action.

Motivation. These loss variants are designed to explore the trade-off between full-sequence su-
pervision and decision-focused optimization. By emphasizing or isolating the final token, we aim
to better align the training objective with the downstream navigation behavior, where the final ac-
tion prediction determines the UAV’s movement. We evaluate these loss formulations in terms of
navigation accuracy and overall task performance in Section 6.

Last-token validation. In addition to modifying the training loss, we align the validation protocol
with the decision-making nature of the navigation task. Specifically, validation metrics are computed
only on the final predicted token, which corresponds to the action executed by the UAV. Since nav-
igation performance is determined by this final action choice, intermediate tokens provide limited
signal about control correctness. We observe that last-token validation better correlates with down-
stream navigation metrics, as errors in the final action prediction can significantly affect trajectory
outcomes.

5 SYNTHETIC DATASET

A key challenge we observed was significant overfitting when training on the CityNav dataset alone,
likely due to its limited size and diversity for fine-tuning a large Vision–Language Model. As shown
in Figure 3, the training loss consistently decreases while the validation loss stagnates, indicating
that the model is memorizing the training data rather than learning generalizable navigation skills.

To mitigate this and enhance the model’s ability to perform the navigation task, we generated a
synthetic dataset to support fine-tuning. This dataset was specifically designed to teach fundamental
navigation concepts and to improve generalization across different spatial configurations.
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Figure 3: Training and validation loss curves. The divergence between the two curves indicates
significant overfitting on the CityNav training data after several epochs.

We categorize the drone’s position and corresponding action into six classes:

C1: Far from the landmark, random arrow direction. The drone is positioned far from the
landmark, and the direction arrow is random. The model should predict a corrective action—
turning left or right—based on the landmark’s relative position.

C2: Far from the landmark, arrow towards the landmark. The drone is far from the landmark,
but the direction arrow is correctly pointing towards it. The expected action is to move forward.

C3: Near the landmark, target not visible. The drone is close to the landmark, but the target is
no longer visible. This is ambiguous with no definitive correct next step, so we do not generate
synthetic data for this class.

C4: Near the landmark, target visible, random arrow. The drone is near the landmark, the
target is visible, but the arrow direction is random. The correct action is to adjust orientation
by turning left or right.

C5: Near the landmark, target visible, arrow towards the target. The drone is close to the
landmark, the target is visible, and the arrow points towards it. The drone should proceed
forward or downwards, depending on proximity and altitude.

C6: Very close to the landmark and the target. When the drone is within 20 meters of both the
landmark and the target, the correct action is to stop.

In its original formulation, the synthetic dataset focused on supervising corrective behaviors (moving
forward and turning left/right). To also teach the model to recognize task completion, we add an
explicit zero-action (STOP) case representing terminal states where the drone has already reached
the target. These samples complement the existing corrective-action cases by supervising when no
further movement is required.

We generate synthetic data covering five of the six defined cases; the third scenario is intentionally
excluded due to ambiguity. Zero-action (STOP) samples are generated separately based on arrival
conditions and included alongside the other supervised cases.

Synthetic case types used in ablations. For compact analysis, we also group synthetic samples
into six interpretable geometric cases: landmark-based alignment when far from the landmark (⇐ L,
⇒ L, ⇑ L) and target-based alignment when the target is visible (⇐ T , ⇒ T , ⇑ T ). Here, ⇑
indicates the UAV is oriented towards the relevant goal (landmark or visible target), while ⇐ / ⇒
indicate the UAV is oriented incorrectly and requires a left/right correction.

We generate two distinct sets of synthetic data: one for training (from CityNav training samples)
and one for evaluation (from validation/test samples). Each set is subdivided by action category
(forward, left, right, and terminal stop), enabling systematic evaluation of map interpretation and
termination recognition. We later analyze the effect of varying the proportion of synthetic data in
Section 6.4.
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Forward (C2) Left (C1) Right (C1)

Right (C4) Forward/Down (C5) Left (C4) Stop (C6)

Figure 4: Representative cases from the synthetic dataset. The top row shows landmark-based
navigation samples, while the bottom row presents target-based navigation samples, including a
STOP (0-case) example where the drone has already reached the target. The correct action for each
state is shown below each image. Red rectangles indicate ground-truth target locations, red polygons
denote landmarks, and arrows show the drone’s current position and orientation.

Table 1: Val Unseen performance vs. history size H .

History Size NE ↓ SR ↑ OSR ↑
0 190.0 0.82 0.91
8 120.0 6.05 10.90
16 160.0 6.11 14.46

6 EXPERIMENTS

6.1 METRICS AND SPLITS

We report Navigation Error (NE), Success Rate (SR), and Oracle Success Rate (OSR) on Val Un-
seen and Test Unseen, including difficulty bins (Easy/Medium/Hard) and aggregate (All), following
CityNav evaluation.

6.2 HISTORY ABLATION

Table 1 shows performance on Val Unseen for different history sizes. Moving from H=0 to H=8
yields a large gain in success and oracle success. Increasing to H=16 yields similar SR with higher
OSR, indicating improved reachability awareness but potentially harder sequence processing. We
also emphasize that our setup performs step-by-step navigation by predicting actions; this differs
from approaches that receive the entire map and directly predict destinations/waypoints, which are
therefore not directly comparable to CityNav baselines.

6
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Table 2: Synthetic data proportion study on Val Unseen.

Configuration Val Unseen

Synth 10% Synth 20% Synth 30% Reset NE↓ SR↑ OSR↑
✓ 132.03 6.38 10.26

✓ 176.39 4.45 8.61
✓ 132.91 6.49 9.68
✓ ✓ 101.30 9.43 16.21

Table 3: Action prediction evaluation, before and after augmentation with 30% synthetic data.

Before Aug. After Aug.

Action Landmark Target Landmark Target

Forward 0.72 0.84 0.96 0.92
Turn Right 0.22 0.35 0.94 0.90
Turn Left 0.32 0.42 0.96 0.92
Stop — 0.37 — 0.97

6.3 SYNTHETIC DATA PROPORTION STUDY

We study how the proportion of synthetic samples influences navigation performance. We conduct
a grid of experiments in which synthetic data constitutes 10%, 20%, and 30% of the training set,
with the remainder drawn from original CityNav trajectories. Table 2 presents the results on Val
Unseen. We observe that 10% synthetic data yields strong gains on its own, while 30% synthetic
data underperforms without complementary techniques. However, combining 30% synthetic data
with history reset (and our chosen loss) yields the best trade-off.

6.4 SYNTHETIC AUGMENTATION ANALYSIS

We evaluate action prediction accuracy on the synthetic evaluation set before and after augmentation
with synthetic data (Table 3). Augmentation yields near-uniform improvements across all action
types and alignment conditions, with landmark turning accuracy increasing from 0.22–0.32 to 0.94–
0.96, and target stop recognition improving from 0.37 to 0.97.

6.5 LOSS VARIANT ANALYSIS

To validate our choice of loss function, we compare the baseline cross-entropy loss against the
linearly weighted and last-token-only variants on the validation set, using a fixed 30% synthetic
data mixture and history reset (Table 4). While the baseline loss yields reasonable performance, the
linearly weighted loss achieves the highest success rate (11.08%) and oracle success rate (29.12%).
Based on these results, we select the linearly weighted loss for our final model.

6.6 MAIN RESULTS

Table 5 compares our full system (H=16, 30% synthetic data, weighted loss, history reset) against
the CityNav baseline. On Test Unseen (All), we achieve SR 12.54% vs. 6.38% for the baseline,
nearly doubling the success rate, while simultaneously reducing navigation error from 93.84m to
81.82m. On Easy episodes, our model reaches 17.37% SR with NE of 62.60m, compared to 6.15%
SR and 98.9m NE for the baseline.

7 DISCUSSION

Our results show that in CityNav, a large portion of performance is governed by data and repre-
sentation choices rather than model scale. Action grouping mitigates a token-level bias caused by

7
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Table 4: Ablation of loss variants on Val Unseen (All), using 30% synthetic data and history reset.

Loss Variant NE ↓ SR ↑ OSR ↑
Baseline (Standard CE) 101.30 9.43 16.21
Last-Token-Only 89.97 10.11 17.61
Linearly Weighted 75.15 11.08 29.12

Table 5: Comparison with the CityNav baseline on Test Unseen across difficulty bins.

Split Model Easy Medium Hard

NE↓ SR↑ OSR↑ NE↓ SR↑ OSR↑ NE↓ SR↑ OSR↑
Test Unseen CityNav Baseline 98.9 6.15 39.89 90.9 6.29 21.47 90.0 6.80 12.10
Test Unseen Ours 62.60 17.37 30.61 86.02 10.68 15.78 104.18 7.80 10.27

Split (All) Model NE↓ SR↑ OSR↑
Test Unseen CityNav Baseline 93.84 6.38 26.17
Test Unseen Ours 81.82 12.54 20.14

imbalanced trajectories. History conditioning provides essential context for disambiguating map
alignment and avoiding repetitive behaviors. Synthetic supervision is effective when it targets a
concrete failure mode (map misinterpretation) using a small set of discrete geometric cases. The
higher Success Rate and lower Oracle Success Rate likely originates from excluding the ambigu-
ous C3 case (landmark reached, target invisible) from the synthetic data. This scenario is crucial
for learning goal approach behavior. However, the model remained capable of close-range target
detection due to training on C6 cases.

8 CONCLUSION

We fine-tune a compact open-source VLM for map-grounded aerial navigation on CityNav. By
addressing action imbalance via action grouping and incorporating recent landmark-map history
with an inference-time reset strategy, we improve generalization and achieve a 12.54% SR on Test
Unseen under a step-by-step action prediction protocol, nearly doubling the baseline while reducing
navigation error below baseline levels. To mitigate overfitting and explicitly teach map interpretation
and termination recognition, we introduce a targeted synthetic dataset of discrete geometric cases
and an additional zero-action (STOP) case; augmentation substantially improves both navigation
error and success rate. These findings suggest that small VLMs can be competitive for aerial VLN
when paired with careful data-centric design and skill-focused synthetic supervision.
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