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Figure 1. Comparison of approaches for efficient 3DGS segmentation at the receiver. Left: The naive solution of learning semantics at the
receiver is impractical, as it either (a) requires transmitting all training-view images, or (b) relies on rendered views that yield poor-quality
SAM masks and suboptimal segmentation. Right: Our proposed method introduces sender-side compression-guided segmentation learning
and transmits the semantically enriched 3DGS with RD-optimized compression, enabling efficient 3D segmentation at the receiver.

Abstract

We present the first unified framework for rate-distortion-
optimized compression and segmentation of 3D Gaussian
Splatting (3DGS). While 3DGS has proven effective for both
real-time rendering and semantic scene understanding, prior
works have largely treated these tasks independently, leav-
ing their joint consideration unexplored. Inspired by recent
advances in rate-distortion-optimized 3DGS compression,
this work integrates semantic learning into the compres-
sion pipeline to support decoder-side applications—such as
scene editing and manipulation—that extend beyond tradi-
tional scene reconstruction and view synthesis. Our scheme
features a lightweight implicit neural representation-based
hyperprior, enabling efficient entropy coding of both color
and semantic attributes while avoiding costly grid-based

hyperprior as seen in many prior works. To facilitate com-
pression and segmentation, we further develop compression-
guided segmentation learning, consisting of quantization-
aware training to enhance feature separability and a quality-
aware weighting mechanism to suppress unreliable Gaussian
primitives. Extensive experiments on the LERF and 3D-OVS
datasets demonstrate that our approach significantly reduces
transmission cost while preserving high rendering quality
and strong segmentation performance.

1. Introduction

Recent advances in 3D vision have made 3D Gaussian Splat-
ting (3DGS) [15] a promising representation for 3D scenes
due to its excellent reconstruction quality and real-time ren-
dering capabilities. However, 3DGS typically involves a



large number of Gaussian primitives, which leads to high
storage cost and memory footprint. This limitation has
spurred research into efficient 3DGS compression.

Aimed at minimizing parameter count, memory foot-
print, and file size, early research focuses primarily on de-
veloping more compact 3DGS representations [11, 18, 25].
More recently, rate-distortion (RD)-optimized compression
of 3DGS [7, 36, 37, 43] emerged as a new school of thought,
targeting transmission and storage efficiency. Departing
from earlier approaches that merely reduce parameter count
without entropy coding, these methods perform quantization
and entropy encoding of Gaussian attributes to achieve a
balanced trade-off between compressed file size (rate) and
rendering quality (distortion) via end-to-end, per-scene opti-
mization.

Meanwhile, the rising demand for 3D scene understand-
ing in applications such as robotics and autonomous driv-
ing has catalyzed rapid advancements in 3DGS segmenta-
tion [5, 20, 26, 30, 33, 39, 41]. Recent methods learn 3D
semantic features by leveraging multi-view images and their
associated camera poses. A common approach to learning
semantic features involves self-supervised contrastive learn-
ing guided by foundation models, such as Segment Anything
Model (SAM) [17] or CLIP [31]. Conceptually, the semantic
features of individual Gaussian primitives are acquired by
first rendering them onto 2D training views and then align-
ing them with 2D segmentation masks produced by SAM or
other foundation models. These semantic features empower
the resulting 3DGS representation to support downstream
tasks, including open-vocabulary segmentation [16, 22, 30]
and 3D scene manipulation [6, 14, 38, 40].

This work explores a novel application scenario in which
3DGS optimization is performed on a server, while ren-
dering, scene editing, manipulation, and understanding are
carried out on a remote end device—such as an Augmented
Reality (AR) headset. A naive approach would transmit
color-only Gaussian primitives from the server (sender) and
attempt to learn semantic features locally on the headset
(receiver). However, this solution is infeasible as it either re-
quires additionally sending all training-view images, which
is prohibitively expensive (Figure la), or learning semantics
from rendered views of compressed 3DGS, which leads to
severe performance degradation (Figure 1b). In the latter
case, the compromised visual quality also undermines the
effectiveness of pre-trained vision models, such as SAM,
leading to poor mask generation and suboptimal segmenta-
tion outcomes. A more practical solution is to learn semantic
features on the server and transmit them alongside other
color-related Gaussian attributes, as illustrated on the right
of Figure 1. This approach calls for an efficient compression
system that accounts for both color and semantic features.

So far, only few studies [10, 20] have explored
3DGS compression and segmentation simultaneously. In-
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Figure 2. Visualization of training view, SAM mask, and 3DGS
renderings with and without compression. Background regions of
3DGS, especially when compressed, contain low-quality primitives
that fail to represent objects meaningfully. This discrepancy with
SAM masks hinders segmentation learning when all primitives are
treated equally.

stanceGS [20] utilizes a hierarchical structure [25] to effi-
ciently represent both color and semantic features, while
DF-3DGS [10] decouples the semantic field from color in-
formation. Both approaches work under the assumption that
semantic features require less granularity than color and are
amenable to compression. Nevertheless, they do not con-
sider rate-distortion (RD)-optimized compression of color
and segmentation features.

In this paper, we present the first 3DGS framework to
perform progressive RD-optimized compression and seg-
mentation, enabling efficient yet accurate representation and
understanding of 3D scenes. Our proposed scheme, CS-
Gaussian, employs a hierarchical anchor-based representa-
tion [25] to encode both color and semantic information. To
facilitate their entropy coding, we incorporate an Implicit
Neural Representation (INR)-based hyperprior to model their
distributions. To support compression and segmentation, we
propose a compression-guided segmentation learning strat-
egy that tightly couples the two tasks via (1) quantization-
aware training and (2) quality-aware weighting. The former
is applied to semantic features; it improves both compres-
sion and segmentation performance. The latter stems from
the observation that Gaussian primitives vary in quality, as
shown in Figure 2. Low-quality and background primitives
often misalign with semantic masks, thereby hindering con-
trastive learning of semantic features when they are treated
equally. Compared to RD-optimized 3DGS frameworks
that compress only color [7, 37, 43], our method progres-
sively encodes color and semantic information into a single
bitstream, supporting both high-fidelity reconstruction and
accurate segmentation.

In summary, this work makes three primary contributions:



* We pioneer a novel RD-optimized framework for simulta-
neous compression and segmentation on 3DGS.

* Our framework introduces a simple yet effective INR-
based hyperprior for Gaussian attributes along with seman-
tic information, leading to a significant bitrate reduction.

* We develop a quantization-aware training strategy and a
quality-aware weighting mechanism to notably improve
3D scene understanding.

Extensive experiments demonstrate the effectiveness of our

method, which substantially reduces transmission cost while

performing favorably against prior methods.

2. Related Work
2.1. 3DGS Compression

3DGS [15] represents a 3D scene using numerous learnable
Gaussian primitives. High-quality, real-time rendering re-
quires substantial storage and bandwidth, highlighting the
need for efficient compression.

Compact 3DGS Representation. Early efforts on 3DGS
compression primarily focus on making the representation
more compact in terms of storage size and memory footprint.
One representative paradigm is to directly reduce the num-
ber of Gaussian primitives by pruning those that contribute
minimally to rendered image quality [1, 11, 12, 18]. Another
strategy employs vector quantization to quantize Gaussian
attributes into fixed-length codewords in a learned code-
book [11, 18, 27, 28]. Several existing methods explore hier-
archical representations of Gaussian primitives [25, 32, 34].
For example, Scaffold-GS [25] employs an anchor-based
design, where a group of Gaussian primitives is represented
by one anchor, significantly reducing the parameter count.

Rate-distortion-optimized 3DGS Representation. Build-
ing on recent advances in learned image and video compres-
sion [2, 3, 13], several recent works have started integrating
entropy coding into 3DGS frameworks to enable end-to-end
RD-optimization [7, 8, 23, 24, 37, 43, 44]. These methods
typically apply scalar quantization to Gaussian attributes
and model their distributions with a hyperprior, enabling
efficient arithmetic coding. For instance, HAC [7], built
on Scaffold-GS, presents one of the earliest RD-optimized
3DGS compression systems by leveraging a hash grid to cap-
ture spatial relationships. CAT-3DGS [43] further improves
coding efficiency through a triplane-based hyperprior and
autoregressive modeling in both spatial and channel dimen-
sions. Similarly, ContextGS [37] exploits local correlations
between Gaussian primitives to construct an autoregressive
model for entropy coding their attributes. Although these
methods achieve a good trade-off between transmission bi-
trate and rendering quality, they do not incorporate semantic
information or support 3D scene understanding.

2.2. 3DGS Segmentation

Integrating 3DGS with vision foundation models [4, 17,
19, 31], has led to significant progress in 3DGS segmen-
tation [5, 9, 20, 29, 30, 39, 45]. The core principle involves
attaching semantic features to Gaussian primitives, which
allows 3D scenes to be represented by both color and se-
mantic information. Based on the way of feature acquisition,
existing methods fall into two categories: feature distillation
and mask lifting.

Feature Distillation. These approaches distill features
from foundation models and embed them into 3DGS. For
instance, LangSplat [30] employs an autoencoder to project
CLIP features into a 3D latent space, while LEGaussians [33]
applies codebook quantization to distill CLIP and DINO [4]
features. On the other hand, Feature3DGS [46] extracts fea-
tures from the SAM encoder and employs the SAM decoder
for segmentation. However, this early line of work has a key
drawback: it requires a dedicated decoder to recover features
during inference, leading to high computational overhead
and inefficient rendering.

Mask Lifting. Another line of research explored learning
3D semantic features by leveraging segmentation masks pro-
duced by vision foundation models through self-supervised
learning objectives. For example, SAGA [5] adopts a clas-
sic contrastive loss with SAM masks to guide the learning
process. ClickGaussian [9] introduces global feature-guided
learning to address cross-view inconsistency. More recently,
OpenGaussian [39] combines SAM masks and CLIP em-
beddings and introduces a 3D-to-2D feature association
for open-vocabulary segmentation. Building on this, In-
stanceGS [20] reformulates the representation within the
Scaffold-GS framework, enabling Gaussian primitives as-
sociated with the same anchor to share semantic features.
Compared to feature distillation, mask lifting offers a more
scalable and computationally efficient solution by circum-
venting the need to decode dense feature embeddings.

However, most existing methods for 3DGS segmentation
overlook the storage and transmission costs associated with
3DGS representations and their learned semantic features,
which poses a challenge in practical applications.

3. Preliminary

3.1. Scaffold-GS: Anchor-based Representation

Scaffold-GS [25] introduces a storage-efficient, anchor-
based representation for organizing Gaussian primitives.
Specifically, anchor points are initialized on a predefined
voxel grid, and each anchor carries information about a fixed
number of K (e.g. 10) Gaussian primitives. For example,
the positions of these Gaussian primitives, denoted as {u; €
R3}fi1, are computed from the anchor position , learnable
offsets {O; € R3}X | and a scaling factor I € RS, following



the formulation: {p;}X, = = + {O0;}X, - 1. Additional
structural and color attributes of the Gaussian primitives,
including the color {¢; € R3}E |, opacity {a; € R1}E |,
scale {S; € R3}X |, and rotation {R; € R*}X ,, are de-
coded from the anchor feature f € R via an MLP decoder.

3.2. Contrastive Semantic Feature Learning

In mask lifting-based 3DGS segmentation frameworks—such
as OpenGaussian [39] and InstanceGS [20]—a semantic fea-
ture s € R is learned for each Gaussian primitive to en-
code its semantic meaning. Similar to color attributes, these
features can be rendered onto a 2D feature map F' using
a-blending [15]. To guide the self-supervised learning of
semantic features, 2D segmentation masks M are first gener-
ated by SAM for each training image. The semantic learning
process is then supervised using two complementary losses:
(1) the intra-mask smoothing loss L4, which encourages
semantic features within the same 2D mask to converge to-
ward their mean, and (2) the inter-mask contrastive loss L.,
which promotes the separation between semantic features
correspond to different instance masks. In symbols, we have:
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where H and W denote the height and width of the image,
respectively, m is the number of SAM masks in the cur-
rent view, and F';, F are the mean features of two distinct
instance masks.

4. Method

4.1. System Overview

In this work, we propose a novel RD-optimized 3DGS com-
pression system that enables efficient transmission of color
and semantic information of a 3D scene within a single
bitstream (Figure 3). To achieve this, we adopt Scaffold-
GS [25] as our base 3DGS representation and structure the
encoding process into three main stages, as outlined below.

Stage 1: Color-only 3DGS Optimization. The first stage
focuses exclusively on learning color (appearance) attributes
in an end-to-end, RD-optimized manner, targeting both ren-
dering quality and transmission bitrate. In a way similar to
prior RD-optimized 3DGS compression methods [7, 8, 43],
we leverage entropy coding to efficiently encode quantized
anchor attributes, including the offsets {O;}X ,, scaling I,
and anchor feature f. Unlike existing approaches that rely
on heavy spatial priors such as hash grids or triplanes, we
propose a lightweight hyperprior based on an implicit neural
representation (INR). Taking the 3D position of each anchor

as input, the INR hyperprior learns a function to model the
probability distributions of anchor attributes scatted through-
out the 3D space without requiring hash grids or triplanes.

Stage 2: Compression-guided Semantic Feature Learn-
ing. This step aims to learn semantic features s associated
with every anchor, to support 3D segmentation. Since se-
mantic information typically require less granularity than
color information [10, 20], all Gaussian primitives associ-
ated with an anchor share the same semantic feature vector.
Our feature learning builds on the self-supervised framework
of [20, 39], with two key enhancements motivated by the
joint demands of RD-optimized compression and segmen-
tation: (i) quantization-aware training for semantic features,
and (ii) quality-aware weighting (Sec. 4.3).

Stage 3: Semantic Feature Compression. Lastly, seman-
tic learning and semantic feature compression are jointly
optimized within an end-to-end, RD-optimized framework.
To entropy encode (or decode) semantic features, their prob-
ability distributions are estimated by a dedicated INR-based
hyperprior model. Both the semantic features and the hyper-
prior are updated simultaneously to balance segmentation
accuracy against compressed bitrate.

4.2. INR-based Hyperprior

To ensure efficient transmission of 3DGS, we propose a
lightweight INR-based hyperprior. It comprises two distinct
models: one for Stage 1 (color compression) and another for
Stage 3 (semantic feature compression). As depicted in Fig-
ure 3a, our INR-based hyperprior models the distributions of
3DGS anchor attributes for entropy coding. Specifically, it
consists of two compact multilayer perceptrons. The first pre-
dicts the distributions of anchor features f, offsets { Oi}fil,
and scaling factors I; the second models the distributions of
semantic features s. Given the positional embedding [35] of
an anchor location x, the model outputs the corresponding
Gaussian distribution parameters—means g and variances
o—along with the quantization step size q for each attribute
type. In particular, each attribute type is assigned a distinct
quantization step size, which is shared across its components.
The probability of a quantized attribute & = ¢ - round(a/q)
is then estimated as the probability mass under the learned
Gaussian prior:

at+d
pla|x) = / N(p,o)da.

Our grid-free formulation enables faster training and render-
ing compared to triplane-based hyperpriors, which require
additional compression of grid points on each triplane typi-
cally through time-consuming autoregressive modeling.

To further enhance the entropy modeling for color at-
tributes f, we integrate a Channel-wise AutoRegressive
Model (CARM) following [43, 44]. This model sequentially
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Figure 3. Overview of our proposed framework. Top (a): The left illustrates the overall architecture of our compression system with an
INR-based hyperprior, and the right details attribute coding for attributes a and channel-wise autoregressive modeling (CARM). For better
visualization, only one INR module is depicted, though two models are employed to compress color and semantic features. Bottom (b):
Pipeline of compression-guide segmentation learning, including quantization-aware training and quality-aware weighting. The weighting
visualization (bottom right) shows foreground anchors are emphasized with larger weightings while background ones are down-weighted.

predicts the distribution of feature channels conditioned on
previously decoded ones, thereby exploiting intra-feature
dependencies. In practice, the predicted means g, and
variances o, are added to the initial prediction output by
the proposed INR-based hyperprior. We also adopt a view-
frequency-aware masking mechanism [7, 43] to prune primi-
tives with little contribution to rendering quality.

4.3. Compression-guided Semantic Learning

We enable contrastive semantic feature learning (Sec. 3.2) in
Stage 2. The joint pursuit of compression and segmentation
motivates enhancements to the feature learning process. As
illustrated in Figure 3b, we introduce two key techniques:
quantization-aware training and quality-aware weighting.

Quantization-Aware Training (QAT). Quantization-
aware training, a widely adopted technique in learned im-
age and video compression [2, 3, 13], aims to approximate
quantization effects during training and enable end-to-end
optimization under a rate-distortion objective. In a similar
vein, we simulate scalar quantization with step size ¢° by
injecting uniform noise € ~ U(0, ¢°) [2] to the learned se-
mantic features s prior to rendering them as a 2D feature
map for self-supervised learning. In Stage 2, ¢° is set to a
fixed value Q since RD-optimized compression is activated

only in Stage 3. In Stage 3, ¢°® is subsequently refined by a
modulation factor predicted by the INR-based hyperprior.

In passing, QAT serves a dual purpose in our framework.
Beyond simulating quantization effects for end-to-end op-
timization, the additive noise has a regularization effect on
semantic learning itself. Since the contrastive loss aims to en-
force separation between semantic features corresponding to
different SAM masks, additive noise implicitly encourages
semantic features to be pushed further apart. The resulting
features are more robust and remain distinguishable under
perturbations or noise (See Sec. 5.3 and supplementary ma-
terial for an in-depth analysis of this aspect). This result is
consistent with the observation made in [21, 42].

Quality-aware Weighting Mechanism (QWM).  Exist-
ing 3DGS segmentation methods typically optimize seman-
tic features by treating all Gaussian primitives uniformly.
However, Gaussian primitives that contribute to the render-
ing of the background regions are often less well learned
and tend to generate poor rendering quality in those regions.
They can thus mislead and negatively impact the semantic
learning process because SAM masks in these background
regions can be inconsistent or even random. This, in turn, has
a significant impact on the contrastive learning of foreground
semantic features.



We address this issue through a quality-aware weighting
mechanism that explicitly accounts for the reliability of each
anchor during contrastive learning. Notably, the quantization
step size ¢, estimated by the INR-based hyperprior in Stage
1, serves as a strong proxy for anchor quality. Intuitively,
anchors with smaller step sizes tend to be more reliable and
are often situated in foreground-like regions, whereas those
with larger step sizes are typically less accurate and of lower
quality. This relationship establishes a natural link between
compression and segmentation.

Formally, we specify a weight w for each anchor accord-
ing to ¢¥ as follows:

L,
w =
L= lla”1,

where 7 is an empirically chosen threshold and ||-|| denotes
a normalization operator that maps its input to an interval [0,
1]. As a result, low-quality background anchors with large
step sizes are down-weighted, effectively minimizing their
influence and treating them as if they carried little semantic
content (see the bottom-right of Figure 3b). With both QAT
and QWM, the modulated semantic features rendered onto a
2D image plane for contrastive learning is § = (s + €) - w.

if 1— g7 > T

otherwise,

(€)

4.4. Training Objectives

Our framework addresses color/appearance learning, seman-
tic learning, and semantic feature compression in three pro-
gressive stages. Each stage has a specific training objective.

Stage 1 learns a 3DGS representation to capture color
information of the 3D scene in an RD-optimized manner by
a typical rate-distortion training objective [7, 43]:

»CStage 1= Edislortion + )\rate (['rate + )\offset mask Eoffset mask) )

where Lgisiortion Measures rendering quality using a combi-
nation of L1 loss and SSIM, and L,,. denotes the average
number of bits required to entropy encode an anchor. The
term Loffeet mask Promotes spatial sparsity by penalizing re-
dundant offsets. The trade-offs among these factors are
governed by the weighting factors Aye and Aogfset mask- NO-
tably, Loftset mask 18 multiplied further by A to enable more
aggressive pruning of anchors at lower bitrates.

With the frozen anchor features, position, scaling, and
offsets, Stage 2 introduces semantic features to each an-
chor and optimizes them for 3D segmentation. We adopt
the self-supervised learning scheme from [20, 39], guided
by SAM-generated masks. The training objective Lsiage 2
includes both the inter-mask contrastive loss £, and intra-
mask smoothing loss L in Sec. 3.2. In this stage, no entropy
coding is applied.

In the final stage, semantic features are entropy coded
using a separate INR hyperprior model. Here, the seman-
tic features and the hyperprior are jointly optimized with

another rate-distortion objective that incorporates the esti-
mated bitrate Leeauure rate Of S€mantic features in addition to
the feature loss Lgage 2:

EStage 3= LStage 2+ )‘feature rate Efeature rate

where Afeaure rate CONtrols the trade-off between the two terms.
Our progressive training optimizes semantic features to mini-
mize transmission overhead while maximizing segmentation
quality, without compromising rendering fidelity.

5. Experiments

5.1. Experimental Setup

Datasets and Metrics. We evaluate our proposed 3DGS
compression and segmentation framework on two represen-
tative datasets: LERF [16] and 3D-OVS [22]. The LERF
dataset, designed for 3D object localization, contains com-
plex real-world indoor scenes captured with an iPhone and is
annotated by [33]. In contrast, the 3D-OVS dataset focuses
on forward-facing scenes targeting open-vocabulary 3D
segmentation. Following the evaluation protocols adopted
in [20, 30, 39], we evaluate open-vocabulary 3D segmenta-
tion with mean Intersection-over-Union (mIoU) and Peak
Signal-to-Noise Ratio (PSNR) as metrics for segmentation
accuracy and reconstruction quality, respectively. To assess
coding efficiency, we also report the compressed file size
(bitrate) in megabytes (MB).

Implementation Details. We implement our method
based on [25, 43] using the PyTorch framework and train it
on a single NVIDIA RTX 4090 GPU. During quantization-
aware training in Stage 2, we set the quantization step size
Q to 1 and the threshold 7 of quality-aware weighting to
0.65. To evaluate performance across different bitrates, we
use a range of rate-control factors An. Specifically, we
choose Arye = {0.004,0.01,0.02} for the LERF dataset and
Arate = {0.004,0.01,0.02,0.05} for the 3D-OVS dataset.

Baselines. Our comparison encompasses two key aspects:
reconstruction quality and segmentation performance, both
of which also consider transmission costs. For reconstruc-
tion, we assess the efficiency of our system with INR-based
hyperprior against CAT-3DGS [43] with a triplane hyper-
prior. We directly quantify the overhead of enabling seg-
mentation at the decoder side by evaluating 3DGS after both
Stage 1 (color-only compression) and Stage 3 (with semantic
features) of our framework. For segmentation, we compare
our method against two recent state-of-the-art 3DGS seg-
mentation methods, OpenGaussian [39] and InstanceGS [20],
which do not incorporate RD-optimized compression. To
further examine the impact of semantic feature compression,
we include Stage 2 results, where semantic features are op-
timized but left uncompressed, alongside the final Stage 3
results of our method.
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Figure 4. Performance comparison, where the x axis represents bitrate, and y axis represents rendering quality or segmentation accuracy.

5.2. Performance Comparison

Reconstruction Quality. Figure 4a shows that our pro-
posed framework achieves 3D segmentation with marginal
bitrate overhead (2-4%) relative to the color-only 3DGS
representation (Ours, Stage 1), without compromising re-
construction quality. Compared to CAT-3DGS [43], which
relies on a parameter-heavy triplane, our INR-based hyper-
prior achieves superior RD performance without the need to
learn and signal triplanes. As shown in Table 1, our method
further reduces average training and decoding times of CAT-
3DGS by 30% and 50%, respectively, while maintaining
high rendering speed on the LERF dataset. This confirms the
superiority of our proposed method in terms of both coding
efficiency and computational cost.

Segmentation Performance. As shown in Figure 4b, our
framework delivers substantial performance gains over state-
of-the-art 3D Gaussian segmentation methods, which do not
incorporate RD-optimized compression. Compared to Open-
Gaussian [39] and InstanceGS [20], our method achieves bi-
trate reductions of over 140x and 23x, respectively, through
efficient entropy coding. Simultaneously, it improves mloU
by 2-5% via compression-guided segmentation learning.

Focusing on semantic feature compression (Stage 2 to
Stage 3), our INR-based hyperprior consistently demon-
strates high efficiency in compressing additional semantic
features—significantly reducing transmission cost while pre-
serving segmentation performance. The key distinction be-
tween Stage 2 and Stage 3 lies in their treatment of semantic
features: Stage 2 learns uncompressed features, whereas
Stage 3 introduces an INR-based hyperprior to encode them
in a RD-optimized manner.

5.3. Ablation Studies

We conduct several ablation studies to validate the effective-
ness of our proposed compression-guided learning and to
justify key hyperparameter choices. All the experiments are
conducted on the LERF [16] dataset. Except for the first

Table 1. Runtime comparison for Stage 1.

Training Decoding Rendering
Method | 4 e (min.) | Time (sec.) | Speed (FPS) 1
CAT-3DGS 45.8 23.1 198.9
Ours 29.5 11.2 201.5

one, all experiments adopt the same compressed color-only
3DGS (Stage 1) and keep the additional semantic features
uncompressed to ensure fair comparisons.

Comparison with Receiver-side Learning Approach.
We present the experimental results for the receiver-side
learning scenario depicted in Figure 1b, where SAM masks
are generated from the rendered image for segmentation
learning. We compare this approach against our proposed
sender-side learning framework. Figure 5a shows that the
poor quality of rendered images leads to suboptimal SAM
masks and significant failures in segmentation performance,
highlighting the necessity of our proposed approach.

Compression-guided Semantic Learning. Quantization-
Aware Training (QAT) and Quality-Aware Weighting
(QWM) leverage compression information for semantic
learning. To assess their contributions, we remove each
component one by one and report rate-mloU performance in
Figure 5b. As shown, removing QWM (green curve), which
serves to mitigate the negative impact of low-quality Gaus-
sian primitives, leads to a 1-4% drop in mloU across bitrates.
Further removing QAT (blue curve) causes an additional 5%
drop, confirming its benefits in distinguishing features under
contrastive learning. We also provide additional analysis in
the supplementary material.

Quantization Step Size. This experiment further exam-
ines the impact of applying different quantization step sizes
during QAT. We conduct the experiment with QWM disabled
to isolate the effects of the quantization alone. In Figure 5c,
training without QAT (Q = 0) yields the lowest performance
among all variants. Furthermore, a smaller quantization step
size (Q = 0.5) limits the potential improvement, while a step
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Figure 5. Rate-mloU performance comparison for each ablation study.
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Figure 6. Qualitative comparison of 3D segmentation on LERF.

size too large (Q = 1.5) may introduce excessive noise and
harm performance. Our choice of Q = 1 strikes a balance
and results in superior segmentation accuracy.

Quality-aware Weighting Threshold. Finally, we eval-
uate the effect of the threshold 7 of QWM, which is used
in Eq. 3 to distinguish the high- and low-quality anchors for
applying QWM. Figure 5d reports the results across differ-
ent values of 7. An overly high threshold (7 = 0.75) may
exclude many valid high-quality anchors, while a threshold
too low (7 = 0.55) insufficiently suppresses low-quality
ones. Our chosen threshold of 7 = 0.65 achieves the best
overall mloU performance, validating its effectiveness.

5.4. Visualization

A qualitative comparison on open vocabulary segmentation
with OpenGaussian [39] and InstanceGS [20] is presented

Figure 7. Click-based Object Selection.

in Figure 6. Our method is able to more effectively sepa-
rate objects with noticeably clearer boundaries. In contrast,
InstanceGS tends to include neighboring objects within the
same segment (see “waldo”), while OpenGaussian results in
incomplete segmentation (see “nori”). In addition to open-
vocabulary segmentation, we present the result for click-
based object selection of our proposed framework, similarly
to [5, 9, 39]. By clicking on an object of a 2D rendered
image, we can successfully retrieve the corresponding 3D
object, as shown Figure 7. Additional visualizations can be
found in the supplementary material.

6. Conclusion

This work introduces a novel framework for 3DGS that
simultaneously addresses rate-distortion compression and
segmentation. Our lightweight INR-based hyperprior sig-
nificantly reduces the size of 3DGS while maintaining high
rendering quality and efficient decoding. In addition, the
proposed compression-guided segmentation learning further
enhances segmentation performance. Together, these con-
tributions enable an efficient and semantically meaningful
representation of 3DGS, paving the way for practical down-
stream applications. We also discuss the limitations of our
framework and potential future work in the supplementary
material.
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