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ray, and the accumulated ID encoding at each pixel is com-
puted as:

P(x) :Zak Ty - By, (5)
k

where a;, and T}, are the opacity and the accumulated trans-
mittance of the k-th Gaussian along the ray at pixel x, E;,
is the one-hot ID encoding of the k-th Gaussian with object
ID i;. P(x) is the resulting classification probability vec-
tor at pixel x, which represents the probability of the pixel
belonging to each object ID. Therefore, the predicted ob-
ject ID of pixels can be derived by taking the index of the
maximum classification probability in P (x):

ID(x) = arg max(P;(x)), (6)
where ID(x) is the predicted object ID for pixel x, P;(x) is
the classification probability of object ID i at pixel x in the
vector P(x).

Gaussian Semantic Loss. After deriving the classifica-
tion probability of the pixel, we can construct a cross en-
tropy loss instead of a L1 loss to constrain the semantics of
the Gaussian:

Lsemantic = - Z Z 1 (ID/(X) = Z) : log (]Dz (X)) ) (7N
x =1

where 1 is the indicator function, which is 1 if the condition
is true and 0 otherwise, ID’(x) is the ground truth object ID
for pixel x derived in Sec. 3.1. This approach ensures that
the Gaussian semantics for different objects do not interfere
with each other during alpha blending. Plus, since we only
need to perform alpha blending once at the scene level, this
method is occlusion-aware and highly efficient.

Variable-length Feature Rasterizer. Although similar
semantic modeling methods have been used in NeRF-based
approaches [10, 43], current Gaussian-based methods have
not yet adopted this kind of semantic modeling. One possi-
ble reason for this is that in the original Gaussian CUDA im-
plementation, Gaussian attributes are of fixed length during
rasterization. In contrast, to make the ID encoding length
adaptable to scenes with different numbers of objects, we
implement a variable-length feature alpha blending. As a
result, our Gaussian semantic rendering is both convenient
and efficient. Consequently, we only need parallelly splat-
ting all the Gaussians in the scene at once to obtain the se-
mantics of all corresponding objects.

3.4. Training Objective

With the help of our object-aware Neural Gaussians and
discrete Gaussian Semantic Modeling, our method is capa-
ble of simultaneously performing object-aware scene recon-
struction and 3D scene understanding. Our overall training
loss can be expressed as:

L= ACl + )\SSIMESSIM + )\volﬂvol + )\semanticcsemamic’ (8)

8354

Table 1. Open-vocabulary segmentation results on LERF-Mask
dataset. We follow Gaussian Grouping [47] to test our method.

Model figurines ramen teatime
mloU mBIoU | mloU mBIoU | mloU mBIoU

DEVA [7] 46.2 45.1 56.8 51.1 54.3 52.2
LERF [17] 33.5 30.6 28.3 14.7 49.7 42.6
SA3D [3] 24.9 23.8 7.4 7.0 42.5 39.2
LangSplat [33] 52.8 50.5 50.4 44.7 69.5 65.6
GS Grouping [47] | 69.7 67.9 77.0 68.7 71.7 66.1
Gaga [28] 90.7 89.0 64.1 61.6 69.3 66.0
ObjectGS(Ours) 88.2 85.2 88.0 79.9 88.9 88.6

where £ and Lgspv are the appearance loss between ren-
dered images and ground truth images, Lo is the volume
regularization term in Scaffold-GS [27] and Lsemangc 1S the
proposed Gaussian semantic loss.

4. Experiment

4.1. Experimental Setup

Setting and Datasets. To comprehensively evaluate the
performance of our method in open-world 3D scene under-
standing tasks, we set up two experimental setups: open-
vocabulary segmentation (OVS) and panoptic segmenta-
tion. For OVS, the goal is to segment target objects in
an open scene based on given text prompts. We follow
Gaussian Grouping [47] to test our method on the LERF-
Mask [17] and 3DOVS [24] datasets. For panoptic seg-
mentation, we conduct experiments on the Replica [39] and
Scannet++ [49] datasets. The goal is to perform instance-
level segmentation of each object in the scene.

Implementation Details. Following the configuration of
Scaffold-GS [27], we set the number of Gaussian primi-
tives per anchor to £ = 10 in all our experiments. We use
GSplat [48] to render the Gaussian primitives. The key dif-
ference is that we extend the dimensionality of the Gaussian
color attributes from 3 to NV 4+ 3, where N is the number
of objects in the scene, defined when assigning object IDs.
This makes the semantic rendering of Gaussians efficient.
In our experiments, the loss weight Asspv is set to 0.2. For
the 3DGS version, we set the volume weight A, to 0.0002
on the 3DOVS dataset, 0.00005 on the LERF-Mask dataset,
and 0.00002 on the Replica and ScanNet datasets. For the
2DGS version, we reduce the Ay, weight by half compared
to the 3DGS version. We train each scene for 30,000 itera-
tions on a single A800 GPU. In the case of the LERF-Mask
dataset, we set Agemantic t0 0.01, while for other scenes, we
set Asemantic 10 0.1.

4.2. Comparison with the State-of-the-arts

We provide more visualization results (Figs. 9 to 14) in the
supplementary materials.
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Figure 5. Qualitative comparison of open-vocabulary segmentation and 3D object queries. The red box highlights that our method can
achieve multi-view consistent instance segmentation. In 3D object queries, our method has more accurate object segmentation boundaries.
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Figure 6. Qualitative comparison of panoptic segmentation. We visualize the segmentation of anchors (ours) and Gaussians (Gaussian
Grouping [47]) using point clouds, where our results are more consistent and have less noise in 3D space. In 2D instance segmentation,
our results have fewer holes and clearer boundaries.

Table 2. Panoptic segmentation results on Replica and ScanNet++ Table 4. Open-vocabulary segmentation results on 3DOVS
datasets. We randomly select 7 scenes in Scannet++ for test. dataset. We report IoU metric to compare with other methods.
Model | Dataset | PSNR SSIM LPIPS | IoU Dice Acc

Method ‘ bed bench room lawn sofa ‘ MEAN

Gaussian Grouping

Reoli 3952 09785 0.0548 | 8336 91.84 94.70

ObjectGS(Ours) PUCL 1 4026  0.9842 0.0280 | 88.39 92.39 95.65 LSEG [21] 560 6.0 192 45 175 206
Gaussian Grouping | ¢ 2835 09296 0.1641 | 89.82 9291 98.44 OVSeg [22] 798 889 714 66.1 812 | 775
ObjectGS(Ours) cannettt | 3024 09327 01488 | 9538 9748  99.07 LERF [17] 735 532 46,6 270 737 | 54.8
3DOVS [24] 89.5 893 928 740 882 86.8

Table 3. Comparison of 3D Instance Segmentation on ScanNet++ Langsplat [33] 778 713 584 909 602 73.0
Gaussian Grouping [47] | 645 956 964 97.0 913 89.1

Method Chamfer Distance |  Precision T Recall T F1 Score 1 SAGA [4] 974 954 968 96.6 935 96.0
Gaussian Grouping 0.1472 35.9% 66.5% 41.6% LBG (5] 97.7 963 959 97.3 874 94.9
ObjectGS(Ours) 0.1132 36.3% 86.1% 43.4% ObjectGS(Ours) 98.0 964 951 972 954 | 964
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Figure 7. Qualitative comparison of different semantic modeling methods on 3D object query. Learnable Gaussian semantics leads to
fuzzy positioning at the object boundary, and the constraint of object independence leads to ineffective object query under occlusion. In
contrast, our proposed one-hot ID encoding overcomes both problems and achieves accurate 3D object query.

Open-Vocabulary Segmentation (OVS). Tabs. | and 4
show the performance when using text prompts to query ob-
jects from LERF-Mask and 3DOVS datasets. We use loU
(Intersection over Union) and Boundary IoU as our evalu-
ation metrics. Our method significantly outperforms other
approaches on both two OVS benchmarks, demonstrating
the superiority of our unique framework design. We also
provide a qualitative comparison in Figs. 5, 9 and 10 against
state-of-the-art methods, where our approach fills most of
the mask holes automatically and achieves more precise ob-
ject segmentation. Notably, benefiting from the object id
design bound to the anchor, our method can query the tar-
get object more accurately and conveniently than Gaussian
grouping [47] without any post-processing. Besides, in ad-
dition to supporting text-based object queries, our method
also supports click-based object queries, which is similar to
the implementation in SAGA [4] and Click Gaussian [8].

Panoptic Segmentation. Tab. 2 demonstrates the per-
formance when lifting the 2D object masks to 3D from
Replica and ScanNet++ datasets. We use IoU, Dice coef-
ficient, and Pixel Accuracy as our evaluation metrics. Ex-
perimental results show that our method outperforms Gaus-
sian Grouping [47] in both reconstruction accuracy and seg-
mentation precision. We provide visualizations of the seg-
mentation results in Figs. 6, 13 and 14, demonstrating that
our approach produces fewer holes and captures more ac-
curate details. More importantly, we visualize the seman-
tics of the point cloud derived from anchors and Gaus-
sians to compare 3D instance segmentation performance.
As shown in Figs. 6, 11 and 12, the point cloud produced
by our method exhibit consistent semantics in 3D, whereas
Gaussian Grouping [47] struggles to maintain this 3D se-
mantic consistency. To validate the model performance in
3D Segmentation, we design an evaluation on ScanNet++

Table 5. Ablation of Gaussian semantic modeling on figurines
scene of LERF-Mask dataset.

Setting | mloU mBIoU | PSNR  SSIM  LPIPS
Learnable Gaussian Semantics | 69.57  67.86 | 25.67 0.8876 0.1584
Object-independent constraints | 37.48  35.21 25.14  0.8911 0.1741
One-hot ID Encoding (Ours) 88.19 8522 | 26.75 0.9134 0.1386

dataset: for each instance, we compute Chamfer Distance
and F1 score between the reconstructed and ground-truth
point clouds, counting a predicted point as a true positive if
it lies within 7=0.02m of any ground-truth point. As shown
in Table 3, our model outperforms GaussianGrouping in all
four metrics. We attribute this to our discrete Gaussian se-
mantic modeling, which ensures that the semantics of dif-
ferent objects remain distinct and unaffected by one another.

4.3. Ablation Study

To comprehensively demonstrate the effectiveness of each
component of our method, we design a series of ablation
studies on the LERF-Mask and Replica datasets.

Gaussian Semantic Modeling. We conduct an ablation
study on the figurines scene of the LERF-mask dataset to
demonstrate the superiority of our unique semantic model-
ing approach. Specifically, we compare our method with
other semantic modeling methods in Sec. 3.3. As shown
in Tab. 5, our proposed One-hot ID Encoding method sig-
nificantly outperforms both alternatives, highlighting the ef-
fectiveness of our approach. We also visualize the results
of rendering individual target objects for each method, as
shown in Fig. 7. Due to the ambiguity introduced by learn-
able Gaussian semantics, it struggles to accurately segment
the boundaries of objects. Although object-independent
constraints can accurately segment the boundaries of ob-



Figure 8. Ablation on different point cloud label initializations.
The majority voting strategy is more robust in the foreground re-
gions, while the probability-based and correspondence-based vot-
ing strategies show greater robustness in the background regions.

Table 6. Ablation on object ID voting strategy on figurines scene
of LERF-Mask dataset.

| mloU mBIoU | PSNR ~ SSIM  LPIPS

Prob-based voting | 84.46  81.46 | 25.69 0.9019 0.1586
Corr-based voting | 59.67  57.50 | 26.13 0.9031 0.1539
Majority voting 88.19 85.22 | 26.75 09134 0.1386

Table 7. Ablation of Gaussian semantic loss weights on Replica.

Aemantic | Acc  Dice mloU | PSNR SSIM  LPIPS

0.00 0.00 0.00 0.00 | 40.19 0.9823 0.0288
0.01 9475 90.70 86.15 | 40.35 0.9829 0.0273
0.10 95.65 92.39 88.39 | 40.26 0.9842 0.0280
1.00 9442  90.98 86.67 | 3543 0.9664 0.0866

jects, it is difficult to solve the rendering of objects in
the case of occlusion. In contrast, our method combines
the strengths of both approaches, enabling accurate object
queries and robust scene decomposition simultaneously.

Object ID Voting Strategy Since the object ID predic-
tion itself is prone to errors, lifting these predictions to the
3D point cloud inevitably introduces mislabeled points. To
validate the robustness of our method, we design and com-
pare three kinds of voting strategy to lift the object masks to
3D. As shown in Fig. 8 and Tab. 6, though the probability-
based and correspondence-based strategy offer relatively
more robust results in background regions, they produce
suboptimal results when rendering foreground objects com-
pared with the majority voting strategy. We argue that it
is due to the grow-and-prune mechanism of our anchors,
our method can naturally correct some of these mislabeled
points over time. As a result, the simple majority voting
strategy proves sufficient for most of the tested scenes.

Gaussian Semantic loss. To evaluate the effectiveness of
semantic constraints, we test our method on the Replica
dataset with different weights of semantic loss, as shown
in Tab. 7. The results show that with a properly chosen loss
weight, supervising Gaussian semantics helps improve both
scene reconstruction and scene understanding.

4.4. Application

Our explicit object-aware Gaussian representation enables
several downstream applications post-training. We demon-
strate two examples, as shown in our demo video:

Object Mesh Extraction. For object mesh extraction,
we leverage our 2DGS-based variant. Specifically, we re-
place 3DGS primitives with 2DGS [12] because 2DGS typ-
ically better represents object surfaces. Once the scene is
reconstructed, we can select target objects using either text
prompts or click prompts. Since the object ID is directly
bound to the anchor, we can use the anchors with the corre-
sponding ID to generate the 2DGS model of the target ob-
ject. We then apply TSDF Fusion, as suggested by 2DGS,
to export the target object’s mesh.

Scene Editing. For scene editing, we adopt strategies
similar to Gaussian Grouping [47]. Moreover, our method
can more conveniently select the editing object, without
calling the classifier. For example, object removal can be
easily achieved by deleting the anchors associated with the
target object’s ID. To recolor objects, we directly modify
the color attributes of the associated Gaussians.

5. Limitation

Although our method achieves robust open-world scene re-
construction and understanding in our test scenarios, some
limitations still exist. Like existing approaches, we rely on
2D segmentation models [7, 37] to extract object masks.
Therefore, when the segmentation model is unavailable or
produces severely erroneous outputs, our method may fail.
However, our approach is not merely a direct fitting of the
2D segmentation results. In our experimental results (i.e.
Figs. 5 and 6), our method demonstrates fewer holes and
more 3D-consistent results than the ground truth, indicat-
ing that our method can leverage scene geometry to infer
unclassified semantics or correct misclassified semantics.

6. Conclusion

We propose ObjectGS, an object-aware Gaussian splatting
framework for open-world 3D scene reconstruction and 3D
scene understanding. Unlike existing methods that distill
Gaussian semantics, we optimize object-aware anchors to
adjust Gaussian semantics. This design enables our method
to perceive objects during reconstruction and adaptively
build Gaussian representations based on the needs of in-
dividual objects. Furthermore, unlike existing approaches
that optimize learnable Gaussian semantics, we model dis-
crete Gaussian semantics and introduce a classification loss.
This way ensures that Gaussians from different categories
do not interfere during rendering. Finally, we demonstrate
the extensibility of our method through its applications in
object mesh extraction and scene editing, showcasing its
versatility in downstream tasks.
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