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Table 1: Simulation benchmark comparison. We evaluate performance on R2R-CE and RxR-CE
Val-Unseen with the indicated observation modalities. ∗ denotes the waypoint predictor from Hong
et al. (2022); † denotes training without navigation data beyond R2R-CE and RxR-CE. NE is in me-
ters; other scores are percentages. PanoVLN achieves the highest SR and SPL on both benchmarks.

Method Observation R2R Val-Unseen RxR Val-Unseen

Pano. Odo. Depth S.RGB NE↓ OS↑ SR↑ SPL↑ NE↓ SR↑ SPL↑ nDTW↑
CMA∗ Hong et al. (2022) ✓ ✓ ✓ 6.20 52.0 41.0 36.0 8.76 26.5 22.1 47.0
GridMM∗ Wang et al. (2023a) ✓ ✓ ✓ 5.11 61.0 49.0 41.0 – – – –
ETPNav∗ An et al. (2025) ✓ ✓ ✓ 4.71 65.0 57.0 49.0 5.64 54.7 44.8 61.9
HNR∗ Wang et al. (2024) ✓ ✓ ✓ 4.42 67.0 61.0 51.0 5.50 56.3 46.7 63.5
ScaleVLN∗ Wang et al. (2023b) ✓ ✓ ✓ 4.80 – 55.0 51.0 – – – –

InstructNav Long et al. (2025) ✓ ✓ ✓ 6.89 – 31.0 24.0 – – – –
LAW Raychaudhuri et al. (2021) ✓ ✓ ✓ 6.83 44.0 35.0 31.0 10.90 8.0 8.0 38.0
CM2 Georgakis et al. (2022) ✓ ✓ ✓ 7.02 41.5 34.3 27.6 – – – –
WS-MGMap Chen et al. (2022) ✓ ✓ ✓ 6.28 47.6 38.9 34.3 – – – –
CMA Krantz et al. (2020) ✓ ✓ 7.37 40.0 32.0 30.0 – – – –

MapNav† Zhang et al. (2025b) ✓ ✓ ✓ 4.93 53.0 39.7 37.2 7.62 32.6 27.7 43.5
StreamVLN† Wei et al. (2026b) ✓ 5.43 62.5 52.8 47.2 6.72 48.6 42.5 60.2
Aux-Think† Wang et al. (2025b) ✓ 6.08 60.0 54.8 46.9 6.24 52.2 40.2 –
JanusVLN† Zeng et al. (2026) ✓ 5.17 58.0 52.8 49.2 6.46 51.4 44.3 59.1
CorrectNav† Yu et al. (2026) ✓ 4.24 67.5 65.1 62.3 4.09 69.3 63.3 75.2
PanoVLN† (Ours) ✓ 3.10 79.7 73.9 67.9 3.14 74.1 63.9 71.4

NaVid Zhang et al. (2024) ✓ 5.47 49.1 37.4 35.9 – – – –
Uni-NaVid Zhang et al. (2025a) ✓ 5.58 53.3 47.0 42.7 6.24 48.7 40.9 –
NaVILA Cheng et al. (2025) ✓ 5.22 62.5 54.0 49.0 6.77 49.3 44.0 58.8
StreamVLN Wei et al. (2026b) ✓ 4.90 63.6 56.4 50.2 5.65 54.4 45.4 63.7
JanusVLN Zeng et al. (2026) ✓ 4.78 65.2 60.5 56.8 6.06 56.2 47.5 62.1
DualVLN Wei et al. (2026a) ✓ 4.05 70.7 64.3 58.5 4.58 61.4 51.8 70.0
AwareVLN Guo et al. (2026a) ✓ 4.02 73.5 65.4 55.1 3.95 67.6 56.1 65.7
PanoVLN (Ours) ✓ 2.83 83.1 77.3 70.6 2.85 78.0 65.9 73.3

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We evaluate on the R2R-CE and RxR-CE Val-Unseen splits (Krantz et al., 2020; Ku et al., 2020) in
Matterport3D scenes (Chang et al., 2017) using Habitat (Savva et al., 2019). We report navigation
error (NE), oracle success rate (OS), success rate (SR), success weighted by path length (SPL), and
normalized dynamic time warping (nDTW). OS records whether a trajectory comes within 3m of
the goal; SR also requires stopping there. SPL measures path efficiency and nDTW reference-route
agreement. NE is in meters; other scores use a 0–100 scale.

PanoVLN uses RGB-only observations. The default model combines Qwen3.5-4B (Qwen Team,
2026a) with a frozen PanoVGGT encoder (Guo et al., 2026b) and uses an H = 18 prediction
horizon with CGE for execution. PanoVLN† trains on R2R-CE and RxR-CE navigation data; the
full model additionally uses our constructed dataset. Ablation configurations are specified with each
study. Training settings and the navigation prompt are in Appendix B.

4.2 SIMULATION EXPERIMENTS

Comparison with prior methods. PanoVLN achieves state-of-the-art SR of 77.3% on R2R-CE
and 78.0% on RxR-CE, exceeding the previous best results by 11.9 and 8.7 percentage points, respec-
tively (Table 1). PanoVLN† also leads the restricted-data group in SR and SPL on both benchmarks.
Adding our decision-centric trajectories further improves performance in unseen scenes.

Use of panoramic context. With the same ERP and instruction, short-horizon training concen-
trates attention ahead, resembling a perspective policy, while PanoVLN attends to instructed pas-
sages across directions. Short targets often share initial movements across routes; longer targets
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