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Table 1. Sensitivity analysis on the number of points (k) used to
compute the voxel density. Extracted metrics (PSNR, IoU, BIoU)
across Mip-NeRF 360, LeRF, LLFF, and 3DOVS.

k Mip-NeRF 360 LeRF LLFF 3DOVS

PSNR IoU BIoU PSNR IoU BIoU PSNR IoU BIoU PSNR IoU BIoU

250 29.07 92.0 85.3 24.98 90.4 85.3 24.83 93.0 79.9 26.47 93.3 87.6
500 29.08 92.0 85.6 25.00 90.1 84.9 24.85 93.0 80.2 26.48 93.3 87.5

1000 29.09 92.0 85.7 25.02 90.0 84.5 24.86 93.0 80.7 26.48 93.3 87.5
2000 29.10 92.0 85.8 25.03 89.4 83.6 24.87 93.0 80.7 26.49 93.2 87.3
3000 29.10 92.0 85.8 25.04 88.9 82.9 24.87 92.9 80.7 26.49 93.2 87.2
4000 29.10 92.0 85.8 25.04 88.8 82.6 24.87 92.9 80.6 26.49 93.1 87.2
5000 29.10 91.9 85.8 25.04 88.3 82.0 24.88 92.9 80.5 26.49 93.0 87.0

1. Hyperparameter Sensitivity Analysis
We have performed a sensitivity analysis for k, the number
of sampled points to obtain the density of the point cloud,
and for Z, the number of points that are sampled from each
Gaussian when computing the occupancy loss Locc. Our
detailed analysis for k is presented in Tab. 1, and for Z in
Tab. 2. The sensitivity of k in our approach is very small,
it can be seen that there is nearly no change in rendering
quality (PSNR). When analyzing the boundary metrics
(IoU,BIoU ), the differences are also minor with small os-
cillations between datasets. We chose a value that slightly
balances these changes. When assessing the sensitivity of
Z we see the same behavior, no real difference in rendering
quality, and an even smaller oscillation on boundary met-
rics. The only limitation comes from sampling a number of
points bigger or equal than 50 as we run out of memory in
the GPU in some scenes. We chose Z = 20, but any value
that does not overload the VRAM of the GPU is fine as
can be observed in Tab. 2. It can be seen that the selection
of both k and Z has a very small impact on performance,
which shows that our method is robust.

2. Depth Robustness Analysis
To test robustness under degraded geometric supervision,
we evaluated performance under noisy depth and surface
estimation obtained by retraining the 2DGS backbone with-
out depth and normal regularization losses (Fig. 1). We
then applied BEA-GS using these degraded depth maps.
Tab 3 reports extracted IoU and BIoU for the original set-

Table 2. Sensitivity analysis of the number of sampled points
Z. Extracted metrics (PSNR, IoU, BIoU) across Mip-NeRF 360,
LeRF, LLFF, and 3DOVS. OOM stands for Out Of Memory, and
thus, the method could not be run.

Z Mip-NeRF 360 LeRF LLFF 3DOVS

PSNR IoU BIoU PSNR IoU BIoU PSNR IoU BIoU PSNR EIoU BIoU

1 29.10 92.0 85.7 25.03 89.4 83.6 24.87 93.0 80.6 26.50 93.2 87.2
2 29.10 92.0 85.7 25.04 89.3 83.5 24.87 93.0 80.6 26.49 93.3 87.3
5 29.10 92.0 85.8 25.04 89.4 83.5 24.87 93.0 80.6 26.49 93.1 87.4

10 29.10 92.0 85.8 25.04 89.4 83.6 24.88 93.0 80.6 26.49 93.3 87.3
20 29.10 92.0 85.8 25.03 89.4 83.6 24.87 93.0 80.7 26.49 93.2 87.3
50 29.10 92.0 85.8 25.03 89.4 83.6 OOM OOM

2DGS 2DGS depth no reg loss 2DGS 2DGS normal no reg loss

Figure 1. 2DGS Depth (regularized vs. unregularized), 2DGS
Normals (regularized vs. unregularized)

Table 3. Depth robustness analysis. Extracted metrics (IoU, BIoU)
across Mip-NeRF 360, LeRF, LLFF, and 3DOVS.

MipNeRF360 LeRF LLFF 3DOVS

Method IoU BIoU IoU BIoU IoU BIoU IoU BIoU

BEA-GS 92.0 85.8 89.4 83.6 93.0 80.7 93.2 87.3
BEA-Noisy 92.3 86.1 88.4 81.6 92.8 80.7 89.8 83.9

ting (BEA-GS) and the degraded-geometry setting (BEA-
Noisy). On datasets with stable reconstructions (Mip-
NeRF360, LLFF), performance remains consistent. On
more challenging datasets with weaker capture conditions
(LeRF, 3DOVS), we observe a moderate performance drop,
indicating that reconstruction quality affects performance,
but not to the extent of causing optimization failure.

3. SAM2 Reprojection Analysis
We visualize reprojection by coloring each 2D pixel with
its class assignment probability (Fig. 2), where brighter col-
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ors indicate higher consensus. These probabilities corre-
spond to the per-view reprojection before computing M ′ =
argmax(Mϕ) (Fig. 3, main paper). In the left example, thin
or occluded parts (e.g., eggs, pork) are missed by SAM2
in some views, yielding low-confidence regions, but repro-
jection recovers coherent boundaries when the object is cor-
rectly segmented in at least 50% of frames in which it is vis-
ible. Transparent elements (e.g., glass) mainly cause noise
due to depth ambiguity. In the bonsai scene (Fig. 2, right),
dark low-texture areas near the pot base show consistent
SAM2 failures across views, leading to regions that repro-
jection cannot correct. For the baseline without reprojection
(Tab 3, row 4, main paper), BEA-GS remains competitive
and reprojection yields the smallest performance change.

Figure 2. SAM2 probability masks after reprojection

4. Occupancy and Boundary Loss Weights
Although selected empirically, the loss weights can be ex-
plained by different gradient scaling behaviors. RGB and
boundary losses accumulate gradients over many pixels per
Gaussian, yielding larger magnitudes, whereas the occu-
pancy loss is normalized by both Gaussians and sampled
points, producing much smaller gradients. Hence, a larger
weight (λocc = 10) is needed for balance.

5. Empty Voxels
Our occupancy query checks not only the queried voxel but
also its spatial neighborhood. Therefore, even if a voxel
is marked as empty due to collisions between multiple se-
mantic classes, sampled points are not penalized as long as
valid supporting voxels exist in the local neighborhood, a
visualization is shown in Fig. 3. This tries to mitigate unde-
sired erosion effects at object contact regions and provides
robustness to artifacts introduced by voxelization.

6. Object Masks Annotation
In order to perform a quantitative evaluation on all datasets
(Mip-NeRF 360 [2], LLFF [7], LeRF [5], and 3DOVS [6])
across the two metrics used in our paper, we created the
necessary ground-truth segmentation masks. The rendered-
view masks were kept exactly as provided by the original
datasets as they already segmented the visible regions of
the objects and were sufficient for the rendered metrics.
The only exception is Mip-NeRF 360, for which no object
masks existed; in this case, we generated both the rendered
and extracted masks from scratch. Additional masks were
required only for the extracted metrics, which need occlu-

Figure 3. Visualization of edge cases where two objects are in
contact. Because voxel validity is determined via neighborhood
density checks, erosion effects are mitigated at contact interfaces,
ensuring sample points that happens in empty voxels (indicated by
the black box) remain valid.

sion free silhouettes capturing the full geometry of each ob-
ject. To construct these, we first extracted the target ob-
jects using Trace3D [10] and used the resulting renders as
a visual guide in Adobe Photoshop [1] to create the mask.
The Trace3D outputs helped us determine how the masks
should be filled, and all final mask boundaries were traced
and refined manually. LLFF [7] contains no significant oc-
clusions, so the NVOS [9] original masks were used for
both rendered and extracted metrics. For LeRF [5], we used
the rendered masks provided by Gaussian Grouping [11]
and manually created only the additional extracted masks
for occluded test views, guided by Trace3D when neces-
sary. The same procedure was followed for 3DOVS [6],
reusing the authors’ rendered masks and manually generat-
ing the extracted ones where needed. For Mip-NeRF 360,
both rendered and extracted masks were manually created
in Photoshop, again using Trace3D extractions as a refer-
ence. Examples of both rendered and extracted masks are
shown in Fig. 4.

7. Implementation Details

The 2D Boundary Loss is implemented by modifying both
the forward.cu and backward.cu CUDA kernels in the orig-
inal rasterizer. In contrast, the 3D Boundary Loss is imple-
mented entirely in PyTorch [8]. The 3K training follows the
same learning-rate schedule used in the original 2DGS [3]
between iterations 27K and 30K. For training, LeRF [5]
was used at its original resolution, Mip-NeRF 360 [2] was
downsampled by a factor of 4, and both 3DOVS [6] and
LLFF [7] were resized to 1.6k pixels width following the
standard 3DGS [4] preprocessing procedure. All baselines
were optimized using the same input data and the same ini-
tial masks for all scenes. Each baseline was optimized using
its original training schedule. All methods already included
their own mechanism for selecting Gaussians in 3D, so we



Figure 4. Ground Truth (GT) segmentation masks for both rendered and extracted metrics. First column: Original RGB image of the
scene. Middle column: GT segmentation mask used for rendered metrics, Last column: GT segmentation mask used for extracted metrics.
The first row shows an example of our GT generated masks for the Mip-NeRF 360 dataset. The second row shows the rendered GT
segmentation mask provided by [6], the GT extracted mask was created by us as described in Sec 6. The third row shows the GT rendered
segmentation mask provided by [11] for the LeRF dataset, the GT extracted mask was created by us as described in Sec 6.

used their implementations directly without introducing any
additional components or modifications specific to our eval-
uation. We computed all metric means by first averaging the
scores over all masks within each scene, and then averaging
these scene-level means across the entire dataset.

8. Computational Complexity Discussion

Given the heterogeneous backbones used across the meth-
ods we compare to, a direct runtime comparison is not
straightforward. We therefore evaluate boundary refine-
ment methods in terms of the additional iterations they
require. ObjectGS [13] is the most efficient, performing
boundary refinement within the original 30000 training iter-
ations. Trace3D [10] introduces 9000 additional refinement
iterations. COB-GS [12], however, trains a separate model
for each object instance, causing the number of iterations

to scale with both the number of images and the number
of classes, making it inefficient for multi-class scenes. For
example, in the Figurines scene from LeRF (300 images, 7
classes), COB-GS requires 300×14×7 = 29400 iterations,
compared to 9000 for Trace3D and 3000 for our method,
which remains independent of the number of classes.

9. Additional Qualitative Results

Due to space constraints in the main paper, we were un-
able to include as many qualitative results as desired. In
Fig. 5, Fig. 6, and Fig. 7, we therefore present additional ob-
jects extracted by our method, showing three rendered view-
points for each scene. These examples demonstrate that
our approach produces high-quality boundary segmenta-
tions across all four datasets: Mip-NeRF 360 [2], LLFF [7],
LeRF [5], and 3DOVS [6]. For every scene, we remove



the background and visualize the remaining object classes:
multiple objects for LeRF and 3DOVS, and a single ob-
ject for Mip-NeRF 360 and LLFF. The results highlight the
method’s ability to recover fine-grained details, such as the
T-Rex ribcage and the Lego bonsai leaves, which are chal-
lenging to infer from 2D segmentations alone. They also
illustrate that non-visible Gaussians are no longer an is-
sue during object extraction. Additional qualitative compar-
isons and results are included in the accompanying video.
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Figure 5. Additional qualitative results obtained using our proposed approach



Figure 6. Additional qualitative results obtained using our proposed approach



Figure 7. Additional qualitative results obtained using our proposed approach
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