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ABSTRACT

Running vision-language navigation fully on-
board an aerial robot is hard, since grounding,
planning, and control must share limited com-
pute and a single-stage error is dif cult to isolate
in ight. End-to-end aerial policies fuse these
stages into one network, giving up the observ-
ability and safety checks a modular stack keeps
available. We propose VLN on the Fly, an on-
board stack that keeps grounding, planning, and
control as separate, inspectable stages. A quan-
tized VLM grounds an instruction to a coarse
image cell, depth lifts it to a 3D goal, a fast B-
spline planner returns a feasible trajectory, and
a pretrained reinforcement learning policy tracks
it to motor commands across quadrotors. Across
15 onboard ights over three everyday referents
in a controlled indoor volume, the stack reaches
the target in 13 of 15 trials with 5.72 cm mean
goal error and 39.3% average GPU utilization.
In 6 additional cluttered-environment trials, the
stack tracks collision-free trajectories under on-
board perception gating.

1 INTRODUCTION

Aerial robots are increasingly being deployed in human-
centered indoor environments, including warehouses, of ces,
inspection sites, and residential spaces. Indoor deployment
introduces GPS denial, cluttered geometry, narrow passages,
and layouts built around people or ground vehicles rather than
autonomous ight. Operation under such conditions depends
on the platform’s robustness and the ability of the underlying
task-completion models to generalize beyond a xed envi-
ronment. Language-conditioned control is promising in this
setting because natural-language instructions allow a human
to specify task intent directly in a new scenario, without re-
engineering the system for each task.

Vision-Language-Action (VLA) models have been used
to address this need, with a single end-to-end policy trained
to map raw observations and instructions directly to control
commands. Applied to navigation, this class is commonly re-
ferred to as Vision-Language Navigation (VLN) [ 4], and
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Figure 1: VLN on the Fly, an onboard vision-language navi-
gation stack that grounds language instructions and plans and
executes trajectories toward named referents, here a re ex-
tinguisher, a trash bin, or a chair.

recent aerial works such as Aerial VLA [5], AutoFly [6],
and Singer [7] point in promising directions. However,
the compositional generalization behind the success of lan-
guage models has proven harder to achieve in physical au-
tonomy [8]. For aerial robots, each new instruction must be
grounded not only in semantic context but also in feasible
motion under vehicle dynamics and safety constraints. When
grounding, spatial reasoning, and control are encoded inside a
single end-to-end policy, limited observability makes failures
harder to localize and safety constraints harder to inspect or
enforce through standard planning mechanisms such as colli-
sion checks, feasibility tests, and recovery behaviors [9].

Recent literature shows that decoupling these models en-
ables desirable behaviors in navigation stacks [10, 1 1], since
separate modules remain observable, reusable path-planning
safety guards remain available, and changes to one compo-
nent of the stack do not require retraining the entire pol-
icy. For a decoupled approach, integrating the hierarchical
stack, particularly with the ight controller’s inner modules,
remains a valid concern underexplored in the literature. Con-
cretely, we address three concerns: (i) safety, (ii) hierarchical
complexity, and (iii) onboard compute, since running a lo-
cal Vision-Language Model (VLM) together with a full stack
onboard is inherently challenging.
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In this work, we propose VLN on the Fly, an onboard with coarse-grid grounding and connect the VLM-to-planner
stack for navigation on aerial vehicles (Fig. 1). We embed dnterface to a learned ight policy.
guantized VLM (Qwen-3.5-2B [12]) for coarse grid ground- Reinforcement Learning Policies map vehicle state di-
ing, where the model identi es the image region contain-rectly to actuator commands at the high control rates required
ing the target object from the language instruction and vifor agile ight, around 100 Hz, as shown in champion-level
sual scene. The selected region is combined with depth indrone racing [21] or autonomous inspection [22]. However,
formation to estimate a 3D goal, which is passed to EGOmany learned controllers specialize in a single airframe and
Planner [13] for B-spline trajectory generation. To over-require renewed system identi cation or retraining after hard-
come the low-level complexity of the hierarchical pipeline, ware changes. RAPTOR [14] addresses this issue with a
we leverage the pretrained RAPTOR policy [14], which mapsfoundation policy that adapts across quadrotors zero-shot. We
a position setpoint and the proprioceptive data directly touse RAPTOR as the low-level stage of the decoupled VLN
motor outputs. To maintain safety across this hierarchy, weatack, feeding position setpoints directly from the planner and
validate the projected goal against the operating bounds bewoiding a hand-tuned position-attitude cascade.
fore planning, while the planner's occupancy map supports

collision-aware trajectory generation. We investigate these 3 SYSTEM DESIGN
guestions through system design, real- ight evaluation, and  Our framework presents a modular, hierarchical, and fully
per-module characterization. Our contributions are: onboard VLN architecture with three processing stages coor-

dinated by a safety supervisor (Fig. 2). The grounding stage
* An onboard decoupled aerial VLN stack combining aconverts the instruction and current observation into a 3D
quantized VLM for open-vocabulary grounding, EGO- goa|, EGO-Planner generates a feasible trajectory, and RAP-
Planner for 3D B-spline planning, and pretrained RAP-TOR tracks the resulting setpoints. Explicit goals and set-
TOR for low-level control, without end-to-end training points keep the interfaces observable, while the supervisor
or offboard compute. validates candidate goals and gates trajectory execution.

« Alightweight safety supervisor, using a nite-state ma- 3.1 VLM-based Goal Grounding
chine to reject projected goals outside the operating We use Qwen-3.5-2B quantized to INT4 [12], reducing
bounds and to gate trajectory execution based on plarmemory use enough for onboard inference. At each VLM
ner feasibility from the onboard occupancy map. query, the model takes the egocentric RGB frame and the

) o ) instruction, then returns one of nine named regions from a
A real- ight feasibility evaluation of the full onboard 3 image grid together with a con dence score, or re-

stack on an open-vocabulary object-goal task over threg g s that the target is not visible. The grid is de ned only
referents, and a per-stage failure attribution enabled by, he text prompt and is not rendered onto the image. The
the modular design. returned region is mapped to the corresponding cell during
post-processing. Restricting the output to nine region names
) removes pixel coordinates, making the result easier to check.
Aerial VLN has largely been end-to-end, a single net- oy the returned cell, the median valid deptiadis as-
work mapping instructions and egocentric observations to aGsjgned to its center pixel (ui;Veer). The corresponding

tions, from the AerialVLN benchmark [15] to recent open- point in the camera frame is obtained through the back-
vocabulary models [6, 7], with VLA-AN [16] carrying such  rgiection in (1):

a policy fully onboard. This coupling forfeits the observabil-

2 RELATED WORK

ity and path-planning safety guards of a conventional stack 2(uce|| c Z):fIB

and ties the policy to one platform. In contrast, VLN on the Pcamera = el 4 (Ve € 4)=f,9; (1)
Fly keeps language grounding, metric planning, and low-level 1

control as separate stages, enabling onboard VLN while pre-

serving inspectable interfaces. where f, and f, are the camera focal lengths, and;(c,)

Decoupled VLNs split semantic reasoning from control is the principal point. The current pose then transforms the
to recover those guards. DualVLN [11] separates high angboint into the map frame to obtain the planner goal. Using
low-level execution, while See-Point-Fly [17] and Fly0 [18] the cell median reduces sensitivity to isolated invalid or noisy
ground an instruction to an image point, the latter projects idepth readings. If the cell contains no valid depth within the
to a 3D target with depth for a geometric planner, the sameensor range, the goal is rejected.
mid-stack we adopt. AirHunt [19] keeps the slow VLM from The goal altitude is constrained to a narrow band around
bottlenecking the planner, and OnFly [20] runs the VLM fully the current ight altitude, keeping the goal within a safe ver-
onboard on our class of embedded computers, con rming théical range and avoiding climbs or descents caused by depth
recipe is both effective and onboard-capable. We adopt theoise. Between VLM queries, the planner and policy con-
same decoupling principle, but replace pixel-level groundingiinue running at their own rates.
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Figure 2: Overview of the VLN on the Fly. The RGB-D camera and language instruction are processed onboard by Qwen3.5

to project a 3D goal, EGO-Planner generates a feasible B-spline trajectory, and RAPTOR tracks the resulting setpoints as motol

commands. OptiTrack pose is fused by EKF2 for localization in the experimental setup, while the safety layer gates motion.

3.2 Safety Supervisor are passed to the planner. Local support also con nes each
The safety supervisor controls the handoff between VLMcontrol-point update to a short segment of the trajectory.

grounding and EGO-Planner. At take-off, the initial vehicle ~ After goal validation, EGO-Planner checks the trajec-

position de nes the center of a bounded operating volume. Aory's feasibility against a local occupancy map built from the

candidate goal (X, Yq; Zg) is accepted only when depth camera and the current pose. The map is entered into
the collision cost before the optimized B-spline is sampled
Xg X o] b x; IYg Y o] by; jzg Z o] b z; (2) into position setpoints. Replanning refreshes the setpoints.

where (%; Yo; Zo) denotes the initial vehicle position ang,b 3.4 Low-level Policy
by, and i de ne the con gured limits along each axis. Goals A conventional ight-control stack maps planner set-
violating (2) are rejected before planning. points to motor commands through position, velocity, atti-

Before goal publication, the supervisor requires thregude, and rate controllers, each tuned to the drone's mass,
consecutive predictions for the same grid region, each abovi@ertia, motor constants, and thrust limits. RAPTOR [14]
the con gured con dence threshold. Only predictions with replaces the cascade with a pretrained policy that maps the
a valid projected goal enter the consensus process. Aftafetpoint-relative state directly to actuator commands.
acceptance, one goal remains active until EGO-Planner re- RAPTOR receives the position setpoints from Section 3.3
ports completion, rejection, or failure. Nearby proposals ange|ative to the current vehicle state. A lightweight tracking
rapid updates are suppressed to prevent unstable commangifdge samples the planned path as a moving reference and
between VLM queries. provides position setpoints with velocity feedforward. After
3.3 3D Planning replanning, the reference resumes from the path point nearest

The validated 3D goal is passed to EGO-Planner [ ],the curre_nt veh|cle p_osmon, red_ucmg discontinuities betwegn
which returns a smooth, dynamically feasible trajectory. TheSUccessive trajectories. Updating the stream after replanning
planner does not require a Euclidean Signed Distance Fiel@hsures the policy tracks the latest trajectory. RAPTOR han-
(ESDF), allowing local, on-demand collision evaluation with- d1€s low-level control through a network with 2,084 parame-
out constructing a full distance eld. The lower computa- (€S and three recurrent layers, running directly on the ight
tional cost allows EGO-Planner to run alongside the VLM onController without retraining for our airframe.
the same onboard computer. EGO-Planner represents trajec-
tories as uniform B-splines and plans natively in 3D.

The B-spline convex-hull property allows velocity, ac- In this section, we evaluate VLN on the Fly as an onboard
celeration, and collision constraints to be applied throughaerial VLN stack for open-vocabulary object-goal navigation.
the control points. The corresponding limits are con guredWe rst describe the platform and experimental setup, then
for each airframe, de ning how the platform's motion limits evaluate goal-reaching performance across 15 real ights and

4 EXPERIMENTAL RESULTS
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Table 1: Open-Vocabulary Object-Goal Navigation
Success Goalerr. Trackerr. Avg. GPU

Referent rate " (cm) # (cm) # (%)
Trash bin 1.00 0.00 34.96 42.2
Chair 0.80 10.07 26.13 37.3
Fire extinguisher 0.80 7.08 37.64 38.4
Overall 0.87 5.72 32.91 39.3

correct object but stopped short of the 20 cm radius once the
target left the camera view, preventing goal re nement.

The qualitative run in Fig. 4 exposes the main interfaces
of the stack during a successful run. The VLM output is cor-
rect at the coarse-region level, supporting our choice to avoid
pixel-level grounding. However, the main residual error ap-
pears downstream, as the limited RGB-D range and local in-
ation in the occupancy map can bias the planner away from
a straight approach, as seen in the curved projected trajectory.

Beyond the GPU utilization of Table 1, we pro le the
grounding stage directly from the onboard inference records
(Table 2, N=1865 queries). On the Jetson Orin NX the quan-
tized 2B VLM completes a grounding query in a median of

Figure 3: Experimental Setup. (a) C;ontrolled indoor .ight 0.79 s (95th percentile 0.88 s), which comfortably sustains the
volume for the open-vocabulary object-goal trials, with theo_5 Hz query rate and leaves the planner and policy to run

quadrotor, marked operating bounds, and everyday rEEferemﬁhinterrupted in between. Time-to- rst-token, which covers

(b) Cluttered setup for the path-planning trials (Sec. 4'3)’Wm\/ision encoding and prompt pre Il, dominates and is nearly

a table, chair, tool case, and a freestanding vgrtlcal par"?:lonstant at 0.60s, the total time varies only with the short
placed between the take-off pose and the trash-bin referent.region output, so latency is stable across queries

pro le onboard VLM latency. We next analyze the perception
design through grid-resolution, depth-readout, and referent- Table 2: Onboard VLM Inference Timing
discrimination studies. Finally, we test the complete stack  stage Median 95th pct. Max
in cluttered scenes to assess goal validation, obstacle-aware
planning, and trajectory tracking.

We deploy VLN on the Fly on MIRA [23], an open-
source quadrotor equipped with an Intel RealSense D435i
RGB-D camera, an onboard Jetson Orin NX, and a Pixhaw . :
6C ight controller. An OptiTrack PrimeX 41 motion-capture lﬁ'z Perception Ablation Study

Time-to- rst-token 0.60s 0.66s 0.72s
Total inference 0.79s 0.88s 1.12s

system provides pose estimates used as odometry. To isolate the effect of otherwise untracked hyper-
) parameters and to motivate our design choice, Table 3
4.1 Performance Analysis presents an of ine analysis of the perception layer. We re-

Trials are conducted as shown in Fig. 3, with three ev-played the logged onboard depth frames using the same cell-
eryday referents: a trash bin, a chair, and a re extinguisherselection and projection pipeline as in ight. In addition to
For each referent, we run the full stack 5 times, for a total ofthe valid-goal rate against the ground-truth position, we re-
15 onboard ights from the same take-off pose. Each ight port the inter-frame goal-selection jitter.
receives a single instruction naming the target. The scene lay- A1 1 grid provides stable depth estimates but no image-
out remains xed during each run. plane localization and therefore cannot spatially distinguish

As reported in Table 1, our method reached the commultiple referents. Among grids that preserve spatial local-
manded referent in 13 of 15 ights (87% success rate, withization, 3 3 achieves a valid-goal rate of 1.00 with substan-
a Wilson 95% con dence interval of 0.62-0.96). The trashtially lower jitter than 5 5, motivating its adoption as our
bin succeeded in all ve runs, ending directly above the ref-default con guration.
erent every time (zero goal error) even though the executed Taking the grid to its limit, a single pixel, removes the
paths curved on the way in. The chair and re extinguisherregion abstraction and makes explicit why we ground at the
each failed once, and in both cases the vehicle approached thell level (bottom of Table 3). Back-projecting the goal from
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Figure 4: Qualitative Grounding and Planning Result. A single onboard frame from a representative successful run for the
instruction “go to the trash bin”, with the re extinguisher and chair present as distractors. (a) VLM grounding over the image
grid: the selected center cell (blue) localizes the referent. (b) The same frame as a navigation command: the back-projected 3C
goal at the selected cell's ray, and the executed onboard trajectory projected into the camera view.

Table 3: Grounding Resolution Ablation Table 4: VLM Region Selection by Prompted Referent
Region grid Valid-goal rate"  Selection jitter (m) # Prompted referent Not visible Modal region Share
11 0.94 0.07 Chair (left) 53% Top-left 86%
3 3 (ours) 1.00 0.70 Trash bin (center) 44% Center 90%
5 5 1.00 1.27 Fire extinguisher (absent) 66% Center 79%
Single pixel 0.15 1.16

additional onboard ights (n = 6) toward the trash-bin ref-

one image pixel yields a valid depth reading in only 15% erent with obstacles (a chair, a tool case, and mocap tripods)
of frames (invalid in 85%), since a lone pixel frequently placed between the take-off pose and the target. Using the on-
lands on a low-texture, re ective, or out-of-range surface, andboard occupancy map, EGO-Planner produced collision-free
where it is valid, it can read across an object boundary and-spline trajectories that RAPTOR tracked to the referent. In
back-project from the background behind the referent, differthree of the six runs the stack reached the referent collision-
ing from the cell median by up to 0.8 m. The selected 3 3 free, ending 0.00-0.183 m from the goal. In the other two the
cell median avoids these failures. safety layer never released a goal that satis ed its depth and

To further support the open-vocabulary claim, we re-bounds checks, so no trajectory was executed and no collision
played identical onboard frames through the VLM, varyingoccurred. In the remaining run (Run 3), the vehicle success-
only the referent name in the prompt (N=1865 queries, Ta-fully avoided obstacles but terminated just outside the suc-
ble 4). On frames where the model commits to a region, theess radius (0.21 m from the goal) due to high tracking devi-
two present referents map to disjoint, scene-consistent location. This demonstrates that the same onboard stack extends
tions, the chair to the top-left (86%) and the trash bin to thefrom open-volume goal reaching to cluttered navigation with-
center (90%). The absent referent is correctly reported as naut changes, and that the goal-validation interface degrades
visible in 66% of frames, but when it does commit, it defaultsto a safe no-commit. Fig. 5 shows the planned and own tra-
to the center (79%), the trash bin's region. This hallucinationjectories for a representative run, and Table 5 reports per-run
mode does not affect the discrimination between present rekrrors measured from trajectory generation to the rst goal-
erents, but it suggests trusting not-visible reports over comreach. Across the four executed runs the own path stayed
mitments to out-of-scene targets. Although the VLM ex-close to the planned B-spline, with a mean tracking error of
hibits a high false-negative rate for present objects (44-53%7:6 cm (per-run means 10:9-29:9 cm), altitude was held near
not visible), the tracking and projection pipeline successfullythe commanded band, so the horizontal path carried the navi-
bridges these intermittent perception gaps. gation while the vehicle navigated the clutter.

4.3 Cluttered-Environment Evaluation

The trials above isolate grounding accuracy in a largely
open volume. To probe the stack under the cluttered con- As with many open-vocabulary systems, the generaliza-
ditions typical of indoor deployment, we ran a small set oftion of our results is not fully characterized. While experi-

5 LIMITATIONS
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Table 5: Goal and Tracking Errors for Cluttered Flights

RUN Goal err. Mean track. err.  p90 track. err.
(cm)# (cm)# (cm)#

1 0.00 145 18.6

2 18.3 15.1 26.4

3 20.7 29.9 79.1

4 0.00 10.9 21.2

Mean 9.75 17.6 36.3

to be inspected separately during real ight. Our experi-
ments characterize open-vocabulary object-goal navigation in
a controlled indoor volume, demonstrating onboard execution
while highlighting remaining sensitivity to depth range, met-
ric projection, and planner-interface effects. Complementary
sensing, longer-range depth, and tighter coupling between
perception uncertainty and trajectory generation could im-
prove robustness in less constrained environments and pro-

Figure 5: Planned vs. Flown Trajectory in Clutter. EGO-  vide a clearer path toward longer-horizon aerial VLN.

Planner's collision-free B-spline (blue) runs from take-off
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