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Abstract

3D Gaussian Splatting (3D-GS) has emerged as an efficient
3D representation and a promising foundation for semantic
tasks like segmentation. However, existing 3D-GS-based seg-
mentation methods typically rely on high-dimensional cat-
egory features, which introduce substantial memory over-
head. Moreover, fine-grained segmentation remains challeng-
ing due to label space congestion and the lack of stable
multi-granularity control mechanisms. To address these limi-
tations, we propose a coarse-to-fine binary encoding scheme
for per-Gaussian category representation, which compresses
each feature into a single integer via the binary-to-decimal
mapping, drastically reducing memory usage. We further de-
sign a progressive training strategy that decomposes panoptic
segmentation into a series of independent sub-tasks, reduc-
ing inter-class conflicts and thereby enhancing fine-grained
segmentation capability. Additionally, we fine-tune opacity
during segmentation training to address the incompatibil-
ity between photometric rendering and semantic segmenta-
tion, which often leads to foreground-background confusion.
Extensive experiments on multiple benchmarks demonstrate
that our method achieves state-of-the-art segmentation per-
formance while significantly reducing memory consumption
and accelerating inference.

1 Introduction

Understanding and manipulating 3D scenes—including rep-
resentation, rendering, perception, and editing—is a long-
standing goal in computer vision and graphics, support-
ing applications such as virtual reality, robotics, and digital
twins. 3D Gaussian Splatting(3D-GS) (Kerbl et al. 2023a),
with its discrete spatial structure and fast rasterization, is be-
coming a mainstream approach for 3D scene representation,
offering significant advantages in real-time interaction (Choi
et al. 2024; Zhao et al. 2025) and scene editing (Yan et al.
2024; Ye et al. 2024; Qu et al. 2025). For such applica-
tions, accurately and efficiently segmenting objects is impor-
tant (Jiang et al. 2024). However, this remains a challenging
problem, especially in complex environments where objects
exhibit occlusion, varying scales, and weak boundaries.
Recently, various segmentation methods (Ye et al. 2024;
Shen, Yang, and Wang 2024; Choi et al. 2024; Cen et al.
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2025) based on 3D-GS have been proposed. To represent
category information, each Gaussian is usually assigned an
additional continuous-valued vector. These approaches learn
per-Gaussian category features from multi-view 2D mask
annotations using techniques such as global optimization
or contrastive learning. During inference, segmentation is
achieved either by taking the argmax over class probabili-
ties, or by performing clustering in the feature space. How-
ever, the additional feature vector assigned to each Gaus-
sian (typically 32 dimensions) accounts for over 50% of the
original parameter size (62 dimensions), resulting in signif-
icant memory overhead. In addition, methods that support
multi-granularity segmentation, such as SAGA (Cen et al.
2025), control the segmentation scale by simply multiplying
a scale-controlling embedding with the category features.
However, this approach is unstable and struggles to deliver
accurate results for fine-grained segmentation.

To alleviate these issues, we first replace continuous cat-
egory features with binary codes. By leveraging the one-to-
one mapping between binary vectors and decimal integers,
each Gaussian’s category feature can be compactly stored as
a single integer, significantly reducing the additional mem-
ory overhead introduced by segmentation. We further adopt
a coarse-to-fine multi-granularity representation and pro-
gressive training strategy. Specifically, the binary code is
divided into multiple partitions, each encoding feature in-
formation for a specific granularity level. The segmentation
at a finer level depends not only on the current partition
but also on all coarser-level partitions. In this hierarchical
structure, coarse-level features determine broad category as-
signments, while finer-level features further subdivide those
categories—akin to a multi-level indexing scheme. This de-
sign decomposes the complex segmentation task into a se-
quence of simpler, localized sub-problems, thereby reducing
training complexity and significantly enhancing the model’s
ability to distinguish fine-grained categories. Moreover, ex-
isting models typically inherit opacity from photometric re-
construction and keep it fixed, which can cause low-opacity
foreground objects to be misclassified as background. This
issue is amplified under discrete representations like binary
encoding, so we fine-tune opacity to better align rendering
behavior with semantic segmentation objectives. Finally, our
model achieves superior segmentation accuracy while sig-
nificantly reducing storage overhead and accelerating infer-



ence, outperforming existing state-of-the-art methods across
multiple benchmarks. In summary, our main contributions
are as follows:

* We introduce binary codes to represent category features,
reducing the parameter overhead of segmentation to just
1.6% and achieving over 700 FPS in segmentation ren-
dering.

We propose a coarse-to-fine multi-granularity represen-
tation and progressive training strategy, which simplifies
the segmentation task and improves overall accuracy, es-
pecially for fine-grained segmentation.

We identify the incompatibility between opacity in pho-
tometric and semantic reconstruction, and address it by
fine-tuning opacity during segmentation training, which
improves foreground-background separation.

Extensive qualitative and quantitative experiments across
diverse scenes demonstrate that our method consistently
outperforms existing state-of-the-art approaches in seg-
mentation quality.

2 Related Work

3D Segmentation in Radiance Fields. The integration of
semantic segmentation into radiance field representations
has become an active area of research, driven by the in-
creasing demand for 3D scene understanding and object-
level interaction. Initial work (Kobayashi, Matsumoto, and
Sitzmann 2022; Tschernezki et al. 2022; Goel et al. 2023;
Kerr et al. 2023) on 3D segmentation in radiance fields of-
ten relied on lifting visual features from 2D foundation mod-
els into 3D. Methods such as DFFs (Kobayashi, Matsumoto,
and Sitzmann 2022), N3F (Tschernezki et al. 2022), and
ISRF (Goel et al. 2023) adopt feature distillation pipelines,
transferring representations from self-supervised 2D mod-
els like DINO (Caron et al. 2021) into 3D fields. However,
since these models are not designed for segmentation, their
transferred features tend to lack spatial precision. NeRF-
SOS (Fan et al. 2022) and ContrastiveLift (Bhalgat et al.
2023) distill 2D pixel or region level feature similarities
into 3D representations, introducing contrastive learning as
a new training paradigm. Furthermore, some work (Zhou
et al. 2024; Chen et al. 2023) leverages the Segment Any-
thing Model (Kirillov et al. 2023), distilling its encoder fea-
tures into 3D Gaussians while using the decoder for seg-
mentation inference. Despite improvements in segmentation
quality, such methods often incur high computational costs.

Another line of work formulates 3D segmentation as a
mask-lifting problem, where 2D masks are projected into 3D
space across multiple views. Examples include SA3D (Cen
etal. 2023), NVOS (Ren et al. 2022), MVSeg (Mirzaei et al.
2023), FlashSplat (Shen, Yang, and Wang 2024), and Gaus-
sianGrouping (Ye et al. 2024), which rely on user prompts
or video tracking to align masks and guide segmentation.
While effective in certain settings, these approaches are vul-
nerable to view inconsistency and often assume ideal camera
trajectories or tracking conditions. More recent methods like
OmniSeg3D (Ying et al. 2023) and GARField (Kim et al.
2024) mitigate these issues by introducing contrastive learn-
ing schemes and scale-conditioned features, but they typ-
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ically build on NeRF-based architectures, which are com-
putationally expensive and not well-suited to real-time ap-
plications. Later works (Choi et al. 2024; Cen et al. 2025)
introduce contrastive learning into 3D Gaussians segmenta-
tion. Click-Gaussian (Choi et al. 2024) improves segmenta-
tion precision through coarse-to-fine global-guided learning,
yetitis limited to dual-scale segmentation. SAGA (Cen et al.
2025) introduces scale-gated affinity, similar to GARField,
for adaptive granularity control, but its simple gating design-
based on a single fully connected layer-limits precision and
stability. In contrast, our method employs a coarse-to-fine
representation strategy to achieve stable multi-granularity
segmentation.

Compression for 3D Gaussian Splatting. 3D-GS (Kerbl
et al. 2023b) enables real-time rendering with high qual-
ity, but suffers from high memory usage, as each Gaussian
stores multiple attributes, often resulting in gigabyte-scale
scenes and reduced rendering efficiency (Fan et al. 2024). To
address this, recent methods compress 3D Gaussian Splat-
ting by discretizing Gaussian attributes via codebook-based
vector quantization. CompGS (Navaneet et al. 2024) re-
duces redundancy via opacity regularization and K-means
quantization. LightGaussian (Fan et al. 2024) integrates
global significance-based pruning, SH distillation, and vec-
tor quantization into a unified compression framework.
HAC (Chen et al. 2024) introduces a hash-grid-assisted
context model for entropy-aware compression and spatially
consistent pruning. Papantonakis et al. (2024) addition-
ally prune resolution-insensitive Gaussians, adaptively re-
duce SH coefficients, and compress attributes via codebook
quantization and half-precision representation. Other efforts
adopt either sensitivity-aware clustering with quantization-
aware training (Niedermayr, Stumpfegger, and Westermann
2024), or grid-based color fields as a replacement for spher-
ical harmonics (Lee et al. 2024), to reduce memory us-
age. The above methods focus on compressing appearance-
related parameters of 3D Gaussians. However, segmentation
tasks require assigning additional attributes to each Gaus-
sian to represent category information. Previous segmenta-
tion approaches typically rely on high-dimensional continu-
ous features to encode such information, which significantly
increases memory consumption. Unlike prior methods, our
proposed binary feature encodes category semantics as com-
pact binary codes, which can be stored using an integer (e.g.,
a 32-bit integer), substantially reducing the storage overhead
for 3D-GS-based segmentation models.

3 Method
3.1 Preliminary: 3D Gaussian Splatting

3D Gaussian Splatting(3D-GS) represents a 3D scene with
a collection of explicit 3D Gaussians and renders images
through a differentiable rasterizer (Kerbl et al. 2023b). Given
a training set of images Z = {I}Y_, with camera poses,
3D-GS learns a set of 3D Gaussians G' = {g;}¥,, where
V' is the number of views and N denotes the total number
of Gaussians. Each Gaussian g; is parameterized by its 3D
position and covariance, opacity, and color represented us-
ing spherical harmonics coefficients. Given a specific cam-
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Figure 1: Overview of Binary-Gaussian. Our method builds upon pre-trained 3D Gaussians by augmenting each Gaussian with
multi-granularity binary features. During training, we keep the opacity values learnable and optimize the multi-level binary
features F'* on the rendered 2D projections using a progressive contrastive learning strategy.

era pose, the color of pixel p is computed by projecting the
Gaussians onto the 2D image plane and blending a depth-
ordered subset A overlapping the pixel p:

Cp = Z Ciaiirh

iEN

ey

where ¢; is the color of each Gaussian and «; is given by
evaluating a 2D Gaussian with covariance > multiplied with
a learned per-Gaussian opacity (Kerbl et al. 2023b), and

T, = H;;ll(l «;) is the transmittance.

3.2 Coarse-to-Fine Binary Feature

Different from previous methods that adopt continuous val-
ues, we equip each 3D Gaussian with a binary code to repre-
sent its segmentation category. To support multi-granularity
segmentation, we further introduce a coarse-to-fine repre-
sentation scheme, where each Gaussian is associated with a
set of hierarchical codes that capture segmentation labels at
different levels of granularity.

Specifically, let L denote the maximum level of seg-
mentation granularity. We assign L feature vectors {f! €
{0,1}Pr | I = 1,2,..., L} to each Gaussian to represent
features at different levels, which are then concatenated into
a single feature vector f; € RP for efficient rendering com-
putation, where D = Zle D;. Using the rasterizer, we can
render the features of different granularity levels to the 2D

pixel p:
F, =) fioT
ieN

@
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Then, we apply a straight-through estimator (STE) to obtain
binary features:

F, = stop_grad (I(F, > 0.5) — F,) + F, 3)

where I(-) is the element-wise indicator function that out-
puts 1 if the input condition is true and O otherwise,
and stop_grad(-) represents the stop-gradient operation that
blocks gradients during backpropagation. F,, € {0,1} is
the final binarized feature vector, and F!, = F,[Y} " Dy :

22:1 Dy] denotes the binary features corresponding to the
I-th level, with{ = 1,2,... L.

The coarse-to-fine design is realized by progressively ag-
gregating features across granularity levels. Specifically, for
each granularity level [, we concatenate the binary feature
vectors from all levels less than or equal to [ to form a uni-
fied feature for segmentation:

= Concat(]?‘;)7 F;, cee Fé) 4

3.3 Progressive Contrastive Learning

‘We propose a novel progressive contrastive learning strategy
tailored to multi-granularity binary features in a coarse-to-
fine hierarchy. We next describe this strategy progressively.

l . .
{Jet {Vl[ » denote the mask that pixel p belongs to at granularity
evel [.

Standard Contrastive Learning. We first adopt a stan-
dard contrastive learning approach for the level-1 features.
For pixels p and g, if they belong to the same level-1 mask,
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Figure 2: Illustration of Progressive Contrastive Learning.
Fine-grained segmentation at each level is built on the
coarser segmentation from the preceding level. Each positive
group identified at the coarse level forms an independent,
gradient-isolated sub-optimization task at the finer level.

we minimize the L2 distance between their level-1 features.
Otherwise, we maximize the L2 distance:

= - ' o 1
‘Clevel-l = {'Fp o Fq||2’ lfMp - Mq

Dy — ||F}, —Fi|l2, otherwise.
Our objective is to ensure that le) = f‘; when MZ} =M ql,
Pl Rl 1 1
and that F,, # F, when M, # M.
Progressive Contrastive Learning. Following the logic
of mathematical induction, we assume that the level [ — 1
segmentation (with [ > 2) has already been constrained.
More specifically, the features F1—! are subject to con-
straints similar to Equation 5, ensuring that 11~ = F1'~1
-1 _ aql-1 Fpli—1 pli—1
whlen1 Mp z ? Mq , and that Fp # Fq when
M, # M. ' .
For the segmentation at level I, we need to impose con-
straints to ensure that 1 = F} when M = M, and that

Bl fli ! Lo gl — gl -
F,* # F;* when M, # M. if M, = M, then it neces-
sarily follows that M) ~! = M!~!. According to our induc-

tive assumption, constraints have already been applied such
that le,:l_l = Fé:l_l. Therefore, we only need to minimize

&)

the L2 distance between their level [ features Fé and Ffz, as
shown by p; and p9 at level 2 in Figure 2. if leJ £ M!, we
further consider two cases:

MM EMTY @My =M
For case (1), according to our inductive assumption, con-
straints have already been applied such that FL/'~1
F;‘l’l. Due to the inheritance property of the coarse-to-

fine feature representation, it must hold that F1* # FJt
Therefore, we do not impose inconsistent constraints on
level [ features under this case, as shown by p; and p4 at
level 2 in Figure 2. For case (2), we have the constraint
F}D:l’l = Fé:l’l. Hence, we maximize the L2 distance be-

tween their level [ features Fﬁ) and Ffl to induce separation,
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resulting in F1! # F1, as shown by p1 and ps at level 2 in
Figure 2. Formally, we have:

0l Rl : 1 _ gl
HFp_Fq||2a7 lfMp_Mq
Lievel: = < D; — HF;, — Ffl\b, else 1fMllf1 = Méfl
0, otherwise

(6)
This completes our inductive reasoning. It demonstrates that
by applying the set of constraints Zle Liever; derived at
each granularity level, we can optimize the multi-scale seg-
mentation task. Notably, the above derivations for differ-
ent cases rely on ground-truth labels, and there are no de-
pendencies between features at different levels during train-
ing. As a result, all levels can be optimized simultaneously.
Our progressive contrastive learning decomposes the fine-
grained segmentation task into a sequence of simpler sub-
tasks, thereby reducing the complexity of the overall prob-
lem and significantly alleviating the overlap and confusion
between features of different object categories.

3.4 Virtual Negative Guidance for Positive-Only
Contrast

Contrastive learning depends on the equilibrium between
positive attraction and negative repulsion. Disruptions to this
balance have emerged as a key issue, motivating a wide
range of research efforts to explore effective solutions (Grill
et al. 2020; Chen and He 2021; Cha, Cho, and Moon 2023).
In our progressive contrastive framework, this issue arises
when a semantic mask becomes indivisible. At the next finer
level, the resulting gradient-isolated group contains only
positive pairs and receives no repulsive supervision. Coun-
terintuitively, we observe that pull-only objectives in such
cases often lead to feature drift or inconsistency, rather than
feature collapse (as shown in Figure 4 of ablation study).
To address this, we propose a simple yet effective solution:
guiding feature learning using an all-one vector as the virtual
negative. Specifically, we impose an L2 regularization con-
straint on each pixel feature Fé) within a positive-only group
at level [, aiming to maximize its distance from the virtual
negative. Formally, we have:

Lyn = |[F 2. @)
Loss Function. In addition to the aforementioned con-
trastive loss, we introduce a regularization term on the pre-
binarized features F,,, encouraging them to approach binary
values (0 or 1) for more semantically deterministic represen-
tations. The regularization term is defined as:

Lieg = [[1(F), > 0.5) — Fl3 (8)

The final loss function is defined as:

L
»Ctolal = )\reg'creg + )\guiding Z L‘VN—I + )\con
l

L

Z £level—l (9)

l

To balance the magnitudes of different loss terms, we set
/\reg =10, Aguiding =1,and A¢on = 1.



Figure 3: Opacity inconsistency between visual and segmen-
tation rendering.

3.5 Additional Training Strategy

Counter-Visual Opacity Effects in Segmentation.
Opacity, a fundamental attribute of each Gaussian, indicates
its light-blocking strength and determines its contribution
to the final pixel appearance through alpha blending. In
prior 3D Gaussian segmentation methods, opacity values
are inherited from color reconstruction and kept fixed
during training. However, the opacity in color space does
not always align with the semantics required for accurate
segmentation. A typical failure case arises when handling
semi-transparent objects, such as a plastic box, as shown
in Figure 3. In the color space, the box is rendered with
low opacity, allowing the background (e.g., a table) to be
partially visible. However, when used in segmentation,
low-opacity foreground Gaussians may contribute too little
to dominate the pixel. This issue is further exacerbated
under discrete representations such as binary encoding.
Unlike continuous features—which can compensate for
low-opacity Gaussians by amplifying their feature values—
our discrete encoding is bounded in range. As a result,
low-opacity Gaussians are easily suppressed during feature
rendering, causing insufficient optimization and foreground-
background confusion. Therefore, we propose to fine-tune
the opacity values during category feature training.

Mask-Balanced Sampling. In previous methods, each
training iteration randomly samples [V, pixels from an im-
age to form N, x NV, pixel pairs. This inevitably leads to
data imbalance, where large masks occupying more pixels
dominate the optimization, degrading segmentation perfor-
mance for small masks (Cen et al. 2025). To address this
issue, we randomly sample only a portion of pixels from the
entire image. For the remaining pixels, we adopt a Mask-
Balanced Pixel Sampling strategy: we randomly select a set
of masks, and then sample a fixed number of pixels from
each selected mask. This strategy increases the proportion
of sampling pixels from small masks.

3.6 Inference

With the well-trained Gaussian binary features fi”, we can
render the corresponding pixel-level binary feature map F}D:l
from arbitrary viewpoints. By applying binary-to-decimal
mapping, we quickly obtain decimal integer labels for both
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£l and F):

1:1

Class; = Bin2Dec(f}*), Class;) = Bin2Dec(F,

);

where Bin2Dec(-) denotes the mapping function from bi-
nary to decimal. Classé and Classi, indicate the semantic
category at granularity level [, used for 3D Gaussian seg-
mentation and multi-view 2D segmentation, respectively. By
associating these decimal values with each semantic object
annotation, we can retrieve all Gaussians sharing the same
specific value, thereby enabling object-specific 3D segmen-
tation.

4 Experiments
4.1 Datasets

Following prior approaches (Choi et al. 2024; Cen et al.
2025), we employ a SAM-based automatic mask genera-
tion module to obtain segmentation annotations at multiple
granularity levels within 3D scenes. To evaluate our model’s
3D segmentation performance, we adopt two widely used
public real-world datasets: the LERF-Mask dataset (Choi
et al. 2024) and the SPIn-NeRF dataset (Mirzaei et al. 2023).
The LERF-Mask dataset comprises three scenes (Kerr et al.
2023) with manually annotated ground truth masks for
both coarse and fine-grained segmentation. The SPIn-NeRF
dataset provides multi-view masks for single objects in the
widely used NeRF datasets (Fridovich-Keil et al. 2022;
Knapitsch et al. 2017; Mildenhall et al. 2019, 2021; Yen-
Chen et al. 2022).

4.2 Implementation Details

We train the category features based on the 3D Gaussian
parameters obtained from color-space reconstruction (Kerbl
et al. 2023a). During this process, the learning rate for opac-
ity is set to 0.001 (2% of the initial value) for fine-tuning,
while the learning rate for category features is set to 0.005.
In each iteration, 2k pixels are randomly sampled, and an
additional 8k pixels are selected using mask-balanced sam-
pling. More training details are provided in Appendix A.

4.3

We evaluate our method on the LERF-Mask dataset un-
der the setting of multi-object, multi-granularity segmen-
tation, with the results from a multi-perspective evalua-
tion summarized in Table 1. Firstly, leveraging the bi-
nary coding design, the category feature of each Gaus-
sian occupies only 32 bits—merely 1.6% of the original
parameter size—significantly lower than competing meth-
ods. Moreover, while previous approaches rely on cluster-
ing to construct category centers and compute distances be-
tween Gaussian features and all centers during inference, our
model simply maps the binary code to a decimal index for
direct category identification. This enables inference speeds
over 10x faster than prior methods, dramatically accelerat-
ing the rendering process. Despite its lightweight and effi-
cient design, our model also maintains high segmentation

Quantitative Evaluation



Extra Param / Gau Multi-granularity mloU (%)
Model Size(bit)  Growth(%) Support FPS Coarse Fine
OmniSeg3D (Ying et al. 2023) - - L4 22.6 79.4 46.9
GARField (Kim et al. 2024) - - v 0.32 80.9 71.4
Gau-Group (Ye et al. 2024) 1024 51.6 X 288 72.8 31.5
Feature3DGS (Zhou et al. 2024) 4096 206.5 X 14.6 65.6 63.5
Click-Gaussian (Choi et al. 2024) 1024 51.6 v =~ 50-100 89.1 84.3
SAGA (Cen et al. 2025) 1024 51.6 VL4 67.9 83.7 48.1
SAGA™ (Cen et al. 2025) 32 1.6 VL4 74.6 69.7 47.8
Ours 32 1.6 VL4 769 87.1 86.2

Table 1: Comparison with baselines on LERF-Mask dataset in terms of parameter overhead, segmentation granularity, speed,
and quality. The top two rows correspond to NeRF-based methods, and the bottom six rows to 3D-GS-based methods. SAGA*
denotes the variant with parameter compression via codebook quantization. Symbol definitions: X supports only a single seg-
mentation granularity; v supports two levels (coarse and fine); v'v/v supports multi-granularity segmentation.

Method | mIoU (%)
MVSeg (Mirzaei et al. 2023) 90.9
SA3D (Cen et al. 2023) 92.4
SAGA (Cen et al. 2025) 88.0
Click-Gaussian (Choi et al. 2024) 94.0
Ours 94.3

Table 2: Quantitative comparison with baselines on the
SPIn-NeRF dataset. We report the average mloU across ten
real-world scenes. Both MVSeg and SA3D are limited to
segmenting a single object per training session.

quality, achieving the best performance in fine-grained seg-
mentation. The results on the SPIn-NeRF dataset across di-
verse real-world scenes, as shown in Table 2, further demon-
strate the superiority of our method, which achieves state-of-
the-art segmentation accuracy.

4.4 Qualitative Evaluation

In Figure 5, we qualitatively evaluate the segmentation per-
formance of different models on novel views. Our model
achieves high-quality segmentation, particularly under fine-
grained settings—for example, it produces more precise
contours for the egg yolk. For semi-transparent objects such
as the glass cup in the first row and the plastic box in
the bottom three rows, baseline models exhibit foreground-
background confusion. In contrast, our model benefits from
opacity fine-tuning and delivers superior segmentation qual-
ity in these challenging cases. Moreover, our model achieves
more stable control over segmentation granularity. In the
panoptic segmentation results, baseline models show poor
sensitivity to granularity and even exhibit inconsistent or
confused segmentations. By comparison, our model accu-
rately controls segmentation granularity and exhibits smooth
transitions across different levels. Finally, as shown in the
finest-grained segmentation results in the last row, only our
model successfully segments subtle object parts, such as the
beak of bird, the duck eye, bunny ears, and the recessed
area on the barrel—highlighting the significant advantage of
Binary-Gaussian in fine-grained segmentation and validat-
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mloU (%)
Coarse  Fine
Full | 87.1 86.2
w/o Virtual Negative 85.3 77.9
w/o Opacity Fine-tuning 86.0 84.4
w/o MB Sampling 84.5 76.4

Table 3: Ablation results for multi-granularity segmentation

ing the effectiveness of our progressive contrastive learning
strategy. More visualization examples are provided in Ap-
pendix B.

4.5 Ablation Study

The ablation results for the virtual negative, opacity fine-
tuning, and mask-balanced sampling are presented in Ta-
ble 3.

Virtual Negative. Virtual negative is introduced to en-
hance consistency optimization for fine-grained segmenta-
tion, and removing this strategy leads to a significant drop
in fine-grained segmentation performance. Figure 4 presents
a qualitative comparison, where we observe that for masks
with limited granularity (e.g., table), the absence of virtual
negatives causes the features to fail to form consistent rep-
resentations at fine-grained levels.

level 2

Figure 4: Segmentation results without the virtual negative
across different granularities.
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Figure 5: Comparison with baseline models on the LERF-Mask dataset. The top two rows illustrate object-specific segmentation
results for coarse and fine-grained targets. The bottom three rows present panoptic segmentation results across different levels
of granularity. The prohibition symbol indicates that Click-Gaussian lacks support for intermediate granularity.
ity fine-tuning does not lead to significant improvements
in quantitative metrics. To better demonstrate its effect, we
provide a visual comparison in Figure 6, where opacity

fine-tuning noticeably improves the segmentation quality of
semi-transparent objects.

Mask-Balanced Sampling. We adopt Mask-Balanced
Sampling to address the under-sampling issue of small-sized
masks. As shown in Table 3, this strategy brings limited
improvements to coarse segmentation but leads to notable
gains in fine-grained segmentation, where the masks are typ-
ically smaller in size.

5 Conclusion

‘We propose a coarse-to-fine binary feature encoding scheme

Ours w/o opacity f-t for 3D-GS-based segmentation, along with a progressive

contrastive learning strategy tailored to this task. To ad-

Figure 6: Ablation study on opacity fine-tuning for semi- dress various challenges in this domain, we further intro-

transparent object segmentation. duce three training techniques: virtual negative, opacity fine-

tuning, and mask-balanced sampling. Finally, with minimal

parameter overhead and high inference speed, our method

Opacity Fine-tuning. Since widely used benchmark achieves excellent segmentation performance, especially at
datasets rarely contain objects with high transparency, opac- fine-grained levels.
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