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Supplementary Material

1. Overall Experimental Details
Software and Hardware Configurations. We conduct

our experiments on servers equipped with NVIDIA L20
GPUs (48GB VRAM) running NVIDIA CUDA Toolkit
12.4. For navigation action inference, we use the same hard-
ware setup and perform inference across four GPUs in par-
allel.

Inference Settings. We use the AirSim plugin [2] in
Unreal Engine to collect RGB images and depth maps at
a resolution of 512×512. Our trained model takes RGB-D
inputs along with the object description and outputs naviga-
tion actions, which are then executed by AirSim to control
the UAV’s movement. In all experiments, we limit each
navigation episode to at most 100 steps.

Trajectory Generation Configuration. Since UAV-
ON [3] provides only annotated data without trajectory in-
formation, we generate training trajectories following the
procedure described in UAV-ON. For each environment, we
first collect the scene point cloud and construct a global
voxel map. Then, using the start and goal locations spec-
ified in the UAV-ON dataset, we employ the A* [1] algo-
rithm to generate a collision-free trajectory on the global
voxel map. Finally, through the AirSim interface, we obtain
RGB images and depth corresponding to the points along
the generated trajectory.

2. Additional Experiments
Empirical Evaluation of Robustness to Depth and Pose
estimation noises. We have added a noise study by in-
jecting Gaussian noise with standard deviation 0.1 meters
to (i) depth and (ii) pose. OctMem-Agent shows only a
slight drop under noise, suggesting that our memory and
instruction-guided extraction are reasonably robust to sens-
ing and pose noises. we can further enhance robustness by
injecting such noise during training.

Method SR OSR SPL
OctMem-Agent + depth noise 17.80% 27.00% 5.85%
OctMem-Agent + pose noise 18.51% 28.09% 6.35%
OctMem-Agent 19.50% 29.30% 6.37%

Hyperparameters Sensitivity Analysis. We performed

a sensitivity analysis on voxel sizes sk and the distance
threshold db. Our configuration (sk ∈ {5.0, 25.0}, db =
50) provides the strongest overall performance, while both
smaller and larger sk degrade SR/OSR, indicating that
overly fine or coarse voxelization is suboptimal. By con-
trast, performance varies only mildly when changing db.

Method SR OSR SPL
sk ∈ {2.5, 12.5} 18.10% 28.00% 5.99%
sk ∈ {5.0, 25.0} 19.50% 29.30% 6.37%
sk ∈ {7.5, 37.5} 16.15% 24.63% 5.80%
Method SR OSR SPL
db = 25 18.30% 28.20% 6.33%
db = 50 19.50% 29.30% 6.37%
db = 100 19.20% 28.30% 5.87%

3. Additional Case Studies
We present additional qualitative comparisons between our
OctMem-Agent and the baseline methods on UAV-ON. As
shown in Figure 1, Figure 2, and Figure 3, our OctMem-
Agent consistently performs effective exploration, reaches
the target area, successfully identifies the target object,
and navigates to it. However, the baseline methods often
lose track of the target during navigation due to the lack
of target-specific guidance, resulting in ineffective explo-
ration that prevents them from reaching the target region.
Even when they approach the correct area, they frequently
misidentify the target object and subsequently deviate from
the correct trajectory, ultimately failing to complete the
task.

4. Trajectory Visualization for Baseline Com-
parison

We further visualize the navigation trajectories of our
method and the baseline methods for a more detailed com-
parison, as shown in Figure 4. From these visualizations,
we observe that the baseline methods, which rely solely on
the current local observation, exhibit myopic behavior: their
trajectories gradually drift away from the target and, due to
the lack of an effective correction mechanism, they struggle

1



Target Description: Compact organic shape, dark bronze-like surface with rounded body and upright ears, seated 
posture with smooth sculpted details, decorative statue resembling a bunny.
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Figure 1. Qualitative comparison between our OctMem-Agent and the baseline methods on UAV-ON. In this example, both Open-Fly and
Navid lose track of the target and engage in ineffective exploration—either flying straight ahead or wandering aimlessly—whereas our
method performs purposeful exploration and ultimately localizes the target statue.

to return and re-initiate meaningful exploration once they
deviate from the desired path. In contrast, our method lever-
ages long-term spatial memory through the adaptive octree
memory, enabling both robust target recognition and effec-
tive exploration that mitigates myopic behavior and ulti-
mately guides the agent to the target.
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Target Description: Geometric flat rectangular shape, rust-colored corrugated metal surface, thin and uniform profile 
with linear ridges, consistent with industrial paneling or structural sheeting.
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Figure 2. Qualitative comparison of our OctMem-Agent and baseline methods on UAV-ON. In this example, Open-Fly explores the region
near the target but fails to accurately localize it, whereas NAVID continues to fly straight ahead aimlessly.



Target Description: Organic quadruped shape, brown and white coat with smooth fur texture, long legs, mane, and tail, 
consistent with a domesticated riding or working animal.
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Figure 3. Qualitative comparison of our OctMem-Agent and baseline methods on UAV-ON.



W
es

te
rn

To
w

n
Ta

sk
_9

20

OctMem-Agent (ours) Navid Openfly

W
in

te
rT

ow
n

Ta
sk

_9
70

N
Y

C
 T

as
k_

62
0

C
ity

Pa
rk

Ta
sk

 3
23

Figure 4. Trajectory comparison of our OctMem-Agent against
baseline methods on UAV-ON.
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