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Table 2: Real-world execution efficiency. PanoVLN achieves the best overall navigation efficiency
among the compared methods.

Method Navigation Continuity Planning

Time (s) ↓ Speed (cm/s) ↑ Wait (%) ↓ Pauses ↓ Calls ↓ Latency (s) ↓
NaVid 135.2 12.9 23.2 15.7 29.4 0.90
NaVILA 194.0 8.2 24.7 29.6 41.3 1.05
StreamVLN 117.8 13.3 27.1 8.3 34.3 0.58
JanusVLN 412.9 5.3 39.2 95.3 101.7 1.32
PanoVLN (Ours) 86.4 25.7 13.6 5.4 7.4 1.08
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Figure 7: Prediction horizon ablation. Panoramic policies benefit from longer supervision and
outperform perspective policies at longer horizons.

confident prefix before requesting a new observation. Sustaining motion while predictions remain
confident reduces interruptions and total navigation time.

4.4 ABLATION STUDIES

The horizon, execution, sampling, and geometry studies use R2R-CE and RxR-CE training data; the
data study varies the additional trajectories. Evaluation uses the corresponding Val-Unseen splits.

Prediction horizon. We vary the prediction horizon while fixing the VLM, visual-token budget,
and random-start sampling, training geometry-free policies for 4,000 updates (Figure 7). ERP poli-
cies trail perspective policies at short horizons but overtake them as targets lengthen. Perspective
performance peaks at H = 4, while ERP favors H = 18.

Short targets may end before visible routes diverge; longer ERP targets supervise the intended choice.
Longer perspective targets increasingly require cues outside the current view. ERP improves from
H = 8 to H = 18 with execution fixed at six actions, linking the gain to longer supervision. These
results favor matching supervision to visible route information; we use H = 18 thereafter.

Table 3: Training data comparison.

Sampling NE↓ OS↑ SR↑ SPL↑

Random 5.37 70.7 56.4 49.5
Ours 4.40 69.9 62.8 57.2

Training-state sampling. We compare random starts
with our turn- and termination-aware sampling. Both vari-
ants use a geometry-free H = 18 architecture, 4,000 up-
dates, and six-action execution. The random variant is the
H = 18 ERP run in Figure 7.

Long stretches of forward motion supply similar targets,
while brief turn and stop states determine route transitions and completion. Our sampling gives these
states more supervision (Table 3). Comparable OS and higher SR indicate more reliable termination
in the goal region, highlighting the value of learning when to change or end an action sequence.

Confidence-guided execution. Table 4 compares fixed, random, and confidence-guided execution
using the same geometry-free H = 18 checkpoint, trained for one epoch with our sampling.

Long fixed prefixes commit to increasingly uncertain actions, while random prefixes ignore the
model’s confidence. CGE adapts execution to each state, outperforming random prefixes and all
fixed strategies, including one-action execution. These studies separate two choices: long targets
teach route selection, while CGE determines when to reobserve.
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