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Table 1. Performance comparison on the LERF-Mask dataset under the dense-view setting, where all RGB-D frames are available.

Methiod T figurines teatime ramen mean
mloU mBloU mloU mBloU mloU mBloU mloU mBIoU

LERF [20] CVPR2023 335 30.6 49.7 42.6 28.3 14.7 al.2 29.3
LangSplat [34] CVPR2024 528 50.5 69.5 65.6 50.4 44.7 510 53.6
Gaussian Grouping [48] ECCV2024  69.7 67.9 LI 66.1 717.0 68.7 72.8 67.6
CGC [40] ICPR2024  91.6 88.8 80.5 78.9 68.7 63.1 80.3 768
Feature-3DGS [52] CVPR2024 588 52.5 40.5 36.8 43.7 38.3 47.7 45.7
ILGS [16] ICCV2025 759 73.8 81.8 78.8 84.3 15.5 80.5 76.0
OpenSplat3D [31] CVPR2025 923 89.4 83.7 78.8 75.9 68.2 84.0 78.8
LangRef3DGS Ours 92.8 88.7 84.3 79.1 84.3 755 84.9 79.1

Table 2. Performance comparison on the LERF-OVS dataset under the dense-view setting, where all RGB-D frames are available.

figurines teatime ramen waldo_kitchen mean

Method Venue

mloU mAcc. mloU mAcc. mloU mAcc. mloU mAcc. mloU mAcec.
LangSplat [34] CVPR2024 10.16 8.93 11.38 20.34 7.92 11.27 9.18 9.09 9.66 12.41
LEGaussians [39] CVPR2024 1799 235721 1927 2712 1579 2676 1158 1818 1621 23.82
OpenGaussian [46] NeurIP52024 39.29 5536 6044 76.27 31.01 4225 2270 31.82 3836 5143
OpenlnsGaussian [15] ICCV2025 - - - - - - - - 42.62 62.11
OpenSplat3D [31] CVPR2025 60.71 85.71 7327 88.14 4920 76.06 55.63 7727 5970 81.79

LangRef3DGS Ours 62.52 86.65 7341 8781 49.73 7750 5711 77.68 60.69 8241
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Table 3. Comparison on LERF-OVS under 20% view removal.
Our method consistently outperforms existing approaches across
both benchmarks.

LERF-Mask LERF-OVS spatula

Method Venue
mloU mBloU mloU mAcc. o T

LERF [20] CVPR2023 339 258 - _ £

LangSplat [34] CVPR2024 535 498 64 80 3

Gaussian Grouping [48] ECCV2024  68.5 63.2 - - &

CGC [40] ICPR2024 768 724 - -

LEGaussians [39] CVPR2024 - - 12.4 19.1

OpenGaussian [40] NeurIPS2024 - - 34.3 48.6 c

Feature-3DGS [52] CVPR2024 43.1 41.0 - - GE-’

OpenlnsGaussian [ 15] ICCV2025 - - 38.5 58.4 ©

ILGS [16] ICCV2025 76.3 71.8 — -

LangRef3DGS Ours 96 749 573 786 chopsticks glass of water kamaboko wavy noodles

Effective in both complete-view and incomplete-view settings
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Removed Frames mloU mAcc.
10% 60.5 81.2
20% o 78.6
30% 54.0 T35
40% 50.8 T2.5
Configuration mloU mAcc.

Baseline (without DP/GLR/CGSL)
+ Dirichlet Process (DP)
+ Gradient Low-Rank (DP + GLR)

+ Contrastive Graph Semantic Loss (Full model)

48.2
51.0
54.1
273

69.1
72.4
f o
78.6
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n 3DGS-based continuous semantic field \
B DP for novel class discovery \
B GLR for compact and robust features \
Strong performance in complete and incomplete views \

B Unified framework for language-guided 3D segmentation under partial observations \




