Visibility-Aware Language Aggregation
for Open-Vocabulary Segmentation in 3D Gaussian Splatting

Supplementary Material

In this supplementary material, we provide additional
details omitted from the main manuscript. Sec. A describes
the implementation details and the 3D tasks under evalu-
ation. Sec. B outlines the experimental setup and the 3D
semantic segmentation evaluation protocol on 3D Gaussian
Splatting. Sec. C further presents a robustness study, where
we stress-test our method under corrupted SAM masks to
assess performance degradation in noisy segmentation sce-
narios. while Sec. D presents qualitative results, annotation
analyses, and city-scale evaluations. Finally, Sec. E dis-
cusses limitations and future directions.

A. Implementation Details

Our method operates in two stages. In the pre-training
stage, we apply the ViT-H variant of SAM [16] to seg-
ment each image. Multi-level language feature maps are
then extracted with OpenCLIP ViT-B/16 [30], from which
we derive per-patch language embeddings. In parallel, we
optimize the 3D Gaussian Splatting parameters [14] using
the standard training pipeline with the gsplat rasterizer [39],
running 30k iterations. Unlike the original rasterizer, gsplat
natively supports rendering high-dimensional Gaussian at-
tributes, which enables evaluation on 2D open-vocabulary
tasks.

In the subsequent forward-rendering stage, we adopt
the feature aggregation strategy of Occam’s LGS [3]. For
each Gaussian within the view frustum, we compute its
center-projected pixel location and extract the correspond-
ing 2D language feature f. Simultaneously, we record its
marginal contribution w; (r) as defined in Eq. (9), and retain
the most visible Gaussians following the gating strategy in
Sec. 4.1. The selected Gaussians are then robustly aligned
with multi-view features through our streaming aggregation
in cosine space, described in Sec. 4.2.

This entire process completes within 10 seconds to one
minute per scene (depending on scene scale) without mem-
ory overflow. All experiments are conducted on an NVIDIA
RTX 4090 GPU.

B. Evaluation Protocols

We only compare results following the same evaluation pro-
tocol and re-evaluate those prior works that followed other
protocols.

Datasets We evaluate our method on two datasets:
LERF-OVS [28] and ScanNet [5]. LERF-OVS consists
of four scenes (teatime, waldo_kitchen, figurines, ramen),

each annotated with pixel-wise semantic masks and paired
with short text queries. In this dataset, we evaluate open-
vocabulary object selection in both 2D and 3D settings.
To further evaluate 3D semantic segmentation, we adopt
a Gaussian-based evaluation protocol on ScanNet, a large-
scale RGB-D dataset for indoor scene understanding. Each
ScanNet sequence is reconstructed into a textured 3D mesh
with globally aligned camera poses and semantic annota-
tions. We select eight representative scenes covering di-
verse indoor environments, including living rooms, bath-
rooms, kitchens, bedrooms, and meeting rooms.

2D and 3D Evaluation on the LERF-OVS Dataset.
For the 2D evaluation, we follow the protocol of LERF [15]:
512-dimensional feature maps are rendered, and a relevancy
map is computed with respect to the CLIP-embedded text
query. The relevancy map is then thresholded at 0.5 to ob-
tain the predicted binary mask. For the 3D evaluation, we
adopt the protocol of OpenGaussian [38], where the rele-
vancy score between each 3D Gaussian’s language embed-
ding and the text query embedding is computed and thresh-
olded at 0.6. The alpha values of the selected Gaussians
are subsequently projected onto the image plane to gener-
ate the predicted mask. In both cases, the predicted masks
are compared against the GT annotations of the LERF-OVS
dataset.

3D Semantic Segmentation on the ScanNet-v2
Dataset. Previous works on 3D semantic segmentation [18,
38] typically freeze the input point cloud (derived from
ground-truth annotations) during 3D Gaussian Splatting
training to cope with the absence of GT labels as the point
clouds evolve. However, this strategy degrades the 2D ren-
dering quality of 3DGS. We instead propagate ground-truth
(GT) labels from the annotated point cloud to the Gaussians,
thereby obtaining pseudo-GT labels at each Gaussian’s 3D
mean. Following OpenGaussian [38], we evaluate on sub-
sets of 19, 15, and 10 of the 40 most common classes. For
each class, we encode the text label using CLIP [30] to
obtain a 512-dimensional embedding, and compute its co-
sine similarity with the registered language features of each
Gaussian. Each Gaussian is then assigned to the class with
the highest similarity score. Performance is measured in
terms of mloU and mAcc against the pseudo-GT Gaussian
point cloud.
Pseudo-Gaussian Labeling. Given optimized Gaussians
O = {6,}, with center y;, scale s; = (8, Siy, Siz ), TOta-
tion R; (hence ¥; = R, diag(s?) R;'—), and opacity «;, and
a labeled point cloud {(px, Sy, )}gzl, we assign a semantic



label to each Gaussian by respecting the frue 3DGS geom-
etry and the compositing kernel. In contrast to prior proto-
cols, which (i) maximize the sum of Mahalanobis distances
over class points to assign a single label, and (ii) require
dense all-pairs computations, our approach assigns seman-
tic labels by respecting the true 3DGS geometry and prop-
erties. Specifically, we evaluate the density contribution of
a point p to the Gaussian p;:

wi(p) = exp(—3 d3(p)) . (18)

where d?(p) denotes the squared Mahalanobis distance.

Since boundary Gaussians may be partially transparent
or occupy negligible volume, we further modulate the votes
with a per-Gaussian significance term:

Yi = QG SizSiySiz, wi(p) + vi wi(p). (19)

This ensures consistency with the volume-aware IoU met-
ric, which weights Gaussians by both opacity and ellipsoid
volume.

Finally, instead of constructing an N x @ all-pairs dis-
tance matrix, we build a per-Gaussian candidate set K; via
spatial culling with an adaptive radius

radius; = T - max(s;),

with a top-k fallback to handle sparse neighborhoods. We
then compute d?(-) only for p; € K;, processing Gaus-
sians in GPU-friendly chunks. This reduces the complex-
ity from O(NQ) to O(3_, | K;|) and the memory footprint
from O(NQ) to O(| K), while retaining only geometrically
plausible candidates under each anisotropic ellipsoid. The
generated Gaussian point clouds with pseudo GT labels are
illustrated in Figure 5 and Figure 7 (the second column from
left to right).

C. Robustness Evaluation with Perturbed
Masks

To evaluate robustness against segmentation noise, we per-
form an experiment on the teatime scene of LERF-OVS by
simulating errors in SAM masks.

Stress-Testing Robustness with Corrupted Masks. To
stress-test robustness against imperfect proposals, we cor-
rupt each SAM mask by a per-mask morphological pertur-
bation applied at the original image resolution. Let m;, €
{0, 1}7*W denote the binary mask of instance k, and let

B, ={(v,y) €Z* : 2> +y* <1}
be a disk-shaped structuring element of radius r pixels,

where r € 5,10, 15,20, 25, 30, to simulate different per-
turbation levels.
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Figure 6. Robustness under mask boundary corruptions.

mloU/mAcc (%) are shown on the left y-axis; Disp (lower is bet-
ter) on the right y-axis. We vary the erosion/dilation radius r (pix-
els). VALA degrades more slowly than Occam’s and its ablation
without gating (VALA w/o G), while achieving lower Disp across
severities.

For every mask we draw an independent sign variable
or € {—1,41} with equal probability P(or, = +1) =
P(o1, = —1) = 0.5. The corrupted mask 77y, is then

mg © BT7
my =
mg S B?"a

if o, = —1 (erosion),

if oy = +1 (dilation),

where © and & denote morphological erosion and dilation,
respectively.

To prevent degenerate outcomes on small objects, we en-
force a non-vanishing guard: if erosion yields an empty or
tiny region (area below a minimum threshold 7,,;,, pixels),
we fallback to dilation and set my < my @& B,.. After
corruption, we recompute tight bounding boxes from my
and propagate them to downstream steps (e.g., cropping and
224 x 224 resizing for CLIP feature extraction).

This perturbation stochastically shifts boundaries out-
ward/inward by approximately r pixels while preserv-
ing instance identity, thereby simulating over- and under-
segmentation errors commonly observed in practice.

Evaluation Protocal. To assess the robustness of the
proposed streaming median in the cosine space, we com-
pare three variants: the baseline Occam’s LGS [3], our full
model incorporating both visibility-aware gating and robust
multi-view aggregation (VALA), and an ablation variant
with only the robust multi-view aggregation module (VALA
w/0 G). In addition to the standard mIoU and mAcc metrics
for evaluating the final 3D object selection task, we further
introduce the dispersion score, which specifically quantifies
the robustness of assigned language features under multi-
view variations. Given a Gaussian g; with observed unit
features f7 € S9!, the per-Gaussian dispersion is com-
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Figure 7. More qualitative results of 3D semantic segmentation on the ScanNet-v2 dataset [5],
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At the scene level, we report the average:

! > Disp,, (21)

Dispscene = m
el

This metric captures the average misalignment between ob-
served features and the aggregated Gaussian feature, where
lower values indicate higher consistency.

Results Analysis. The results are presented in Figure 6.
As the corruption radius increases from r» = 5 to 30 px, all
methods show a monotonic decline in mloU/mAcc and a
corresponding rise in Disp, confirming that boundary noise
simultaneously degrades semantic accuracy and cross-view
consistency. Importantly, the deterioration is substantially
slower for our methods than for Occam’s LGS, as reflected
by the smaller slope of Disp. In terms of accuracy, VALA
achieves the strongest results: at » = 5, it surpasses Oc-
cam’s by +12.8 mloU and +17.0 mAcc, with substantial
gains still observed at » = 10. Meanwhile, the Disp val-
ues reveal a complementary trend—although VALA’s Disp
is marginally higher than Occam’s at r = 5, it drops below
Occam’s from » = 10 onwards. This demonstrates that the
combination of visibility-aware gating and robust aggrega-
tion not only improves accuracy but also enhances multi-
view consistency in the practically relevant regime of mild
mask noise.

When boundary damage becomes severe, however, the
picture changes. VALA (w/o G) overtakes the full VALA

model in accuracy (e.g., at r = 30, achieving 9.95/15.25 vs.
6.75/1.69 in mloU/mAcc) and consistently yields the low-
est Disp across all radii. This suggests that the fixed gat-
ing threshold becomes overly conservative under extreme
corruption, discarding too many observations and leaving
insufficient evidence for many Gaussians. In contrast, the
cosine-median aggregator alone remains robust, preserv-
ing both accuracy and consistency in this challenging set-
ting. Overall, these results highlight a clear regime split:
visibility-aware gating combined with a cosine median pro-
vides the strongest accuracy and consistency under real-
istic (mild to moderate) noise. However, under extreme
boundary corruption, robust aggregation is the key factor,
as overly strict gating thresholds reduce coverage and per-
formance.

D. Additional Results

In this section, we present additional results on the ScanNet
dataset and, more importantly, demonstrate that our algo-
rithm can be applied to real-world outdoor datasets, achiev-
ing superior open-vocabulary semantic segmentation in au-
tonomous driving scenarios.

More Qualitative Results on the ScanNet Dataset.
We provide additional qualitative results on three bedrooms
with varying levels of complexity and clutter. Across all
scenes, competing methods struggle to correctly recognize
the bed (highlighted in orange); the occluded portions near
the wall are consistently misclassified as adjacent cate-
gories, such as the wall or floor. This issue persists in the
third scene, where the bed is fragmented into multiple cat-
egories. In contrast, our method preserves the bed as a co-
herent instance, owing to the proposed gating module that



“trash bin” “tree”

“car”

“stair”

“streetlight”

“hause”

Figure 8. Qualitative results on the Waymo Open Dataset [33]. The colored regions indicate the activation maps corresponding to the

given text prompts.

explicitly handles low-visibility Gaussians.

Experiments on the Waymo Open Dataset. To further
validate our algorithm’s generalization capability in real-
world outdoor environments, we conduct experiments on
the Waymo Open Dataset [33]. This dataset is a large-
scale, high-quality autonomous driving benchmark that pro-
vides synchronized LiDAR and multi-camera data collected
across diverse urban and suburban geographies, along with
comprehensive 2D/3D annotations and tracking identifiers.
For evaluation, we select a sequence captured in a resi-
dential neighborhood that contains rich semantic elements,
such as vehicles, vegetation, street infrastructure, and build-
ings. We focus on five of the most common outdoor cat-
egories, e.g. tree, trash bin, car, streetlight, and house,
as well as one tail category, stair. The qualitative re-
sults in Figure 8 demonstrate that our method achieves pre-
cise open-vocabulary 3D semantic segmentation on outdoor
data. Both small-scale objects (e.g., trash bins and street-
lights) and large-scale objects (e.g., trees, cars, and houses)
are not only correctly retrieved but also segmented with
sharp boundaries, reflecting the accurate registration of lan-
guage features on the 3D Gaussian Splatting representation.
Notably, our method remains robust under occlusion owing
to the proposed visibility-aware gating module. For exam-
ple, correctly delineating trees behind metallic structures or
houses partially obscured by vegetation.

These findings emphasize the robustness and versatil-
ity of our method when transferred from indoor (ScanNet)
to challenging outdoor driving scenarios, underscoring its

strong potential for real-world autonomous driving applica-
tions. A supplementary video is included to further demon-
strate the effectiveness and the multi-view consistency of
our method.

E. Limitations

While our approach demonstrates strong performance
across multiple tasks, including 2D and 3D object selec-
tion as well as 3D semantic segmentation, and exhibits no-
table generalization to cross-domain settings such as out-
door datasets, certain limitations remain. To assess ro-
bustness against noisy SAM masks, we conducted stress
tests with multi-scale morphological perturbations. The re-
sults show that our visibility-aware gating achieves supe-
rior mloU and mAcc under moderate noise, while the pro-
posed cosine median maintains low dispersion even under
severe corruption, indicating the effectiveness of our robust
feature aggregator. However, our current framework relies
on a fixed threshold to prune Gaussians, which can become
overly conservative under extreme noise, resulting in de-
graded multi-view consistency. Moreover, our method is
specifically designed for static scenes and does not naturally
extend to dynamic environments. Future work will there-
fore focus on developing adaptive, scene-aware thresholds
and extending our framework to handle dynamic scenes.
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