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Abstract. We introduce a framework toward scalable, finer-grained object-
level 3DGS compression. First, we propose a post-training method named
RecastGS to reorganize pretrained 3DGS into a layered representation
and progressively distill cumulative submodels to improve rate–distortion
efficiency. Leveraging multi-view SAM predictions from user click prompts,
Gaussians are further partitioned into user-defined regions of interest
(ROI), enabling region-adaptive quality control without retraining. Sec-
ond, built upon this reorganized region-aware layered hierarchy, a feed-
forward 3DGS compression method named LayeredCGS is proposed to
compress position using a lightweight point cloud codec and attributes
with a layer-wise context model to exploit cross-layer correlations. Ex-
tensive experiments show that LayeredCGS achieves 35% BD-Rate gain
over the existing feed-forward method FCGS. With progressive distil-
lation in RecastGS enabled, our method further outperforms most per-
scene optimization methods. Moreover, the proposed method supports
ROI-aware compression and flexible bitstream truncation, achieving up
to 2 dB higher ROI PSNR at comparable bitrates compared with the
uniform quality allocation baseline while enabling low-latency preview
and progressive quality refinement. The code will be released at https:
//github.com/RuixiangXue/ScalableGSC.
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1 Introduction

3D Gaussian Splatting (3DGS) [30] has substantially advanced photorealistic
3D scene synthesis by enabling high-fidelity novel view synthesis with real-time
rendering. These advantages make 3DGS a promising solution for diverse immer-
sive applications. Unlike implicit Neural Radiance Fields (NeRF) [45], 3DGS
explicitly represents scenes using millions of Gaussian primitives, resulting in
prohibitive memory footprints (often exceeding 500 MB per scene) that severely
limit practical deployment in resource-constrained scenarios.

To address this bottleneck, a wide range of 3DGS compression methods [2]
have been proposed. Although these methods achieve strong compression perfor-
mance, most of them focus on compressing the entire scene holistically. In inter-
active graphics applications, however, users typically engage with only a small
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Fig. 1: Object-level scalable compression for 3DGS. Given an unordered 3DGS model,
it is reorganized into a region-aware layered hierarchy for region-adaptive quality alloca-
tion using RecastGS. The layered feed-forward compressor LayeredCGS then generates
a truncatable bitstream for fast preview and progressive quality refinement. Each qual-
ity level corresponds to a submodel of cumulative layers, and each layer is encoded as
an independent bitstream segment.

portion of the scene (e.g., regions of interest, ROIs). This mismatch leads to inef-
ficient resource usage, especially in large-scale scenes. While several works [6,12,
25,59] organize unordered Gaussian primitives into layered representations to en-
able progressive compression, they only support global quality control and lack
finer-grained, object-level, or region-aware adaptation. We address this prob-
lem with two sequential components: representation reorganization (Re-
castGS) and layered feed-forward compression (LayeredCGS), as illustrated
in Fig. 1.

The vanilla 3DGS lacks intrinsic hierarchy and object-level organization,
making region-adaptive quality control difficult. To address this structural limi-
tation, we propose RecastGS, which reorganizes unordered Gaussian primitives
into a region-aware layered hierarchy. Starting from a pretrained 3DGS model,
RecastGS first constructs a layered representation via overcomplete layer search
and refines cumulative submodels through progressive distillation. In parallel,
a segmentation module extracts object-level 3D masks from sparse user click
prompts. By combining the layered representation with the extracted object-
level masks, RecastGS establishes a recomposable representation that enables
adaptive quality allocation between foreground and background regions under
varying user preferences and bandwidth constraints.

Many compression methods [8, 17, 38, 61] tightly couple compression with
the reconstruction process, requiring full access to the training pipeline. This
limits their applicability to arbitrary pretrained models. In contrast, several
works [14, 39, 51] explore post-training compression that operates directly on
pretrained models. Among them, feed-forward methods [7] enable single-pass
encoding of arbitrary pretrained 3DGS models without per-scene optimization,
substantially reducing encoding latency to seconds. Nevertheless, existing feed-
forward approaches still compress 3DGS holistically without supporting finer-
grained region-aware adaptation. Building upon the reorganized representation
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from RecastGS, we propose LayeredCGS, a layered feed-forward 3DGS compres-
sion method that generates truncatable bitstreams for low-latency preview and
progressive quality re�nement. We introduce a layer-wise context model that
exploits decoded lower-layer Gaussians to model cross-layer dependencies. We
also integrate RENO-GS, a lightweight point cloud geometry codec, for e�cient
position compression. Generally, this work makes the following contributions:

� We propose RecastGS, which reorganizes pretrained 3DGS into a region-
aware layered hierarchy via overcomplete layer search, progressive distilla-
tion, and prompt-driven object extraction, enabling recomposable represen-
tations for region-adaptive quality control.

� We introduce LayeredCGS, a feed-forward compression method for layered
3DGS representations that exploits cross-layer dependencies through layer-
wise context modeling and generates truncatable bitstreams for e�cient pro-
gressive compression.

� Extensive experiments demonstrate improved rate�distortion performance
over both feed-forward and per-scene optimized methods, while enabling
ROI-aware progressive compression.

2 Related Work

2.1 3DGS Compression

Per-scene Optimized Compression Approaches achieve strong compres-
sion performance through scene-speci�c optimization. A major branch [8,9,17,35,
38,46,60,61] tightly couples reconstruction and compression into a joint optimiza-
tion pipeline, improving rate�distortion performance via scene-speci�c pruning,
quantization, or compact parameterizations (e.g., Sca�old-GS [42]). However,
they require full access to the reconstruction, limiting their applicability to
arbitrary pretrained models. Another branch [14, 34, 39, 48, 49, 51, 54, 64] per-
forms compression as a post-training step, decoupling it from the original re-
construction process but still requiring scene-speci�c optimization. For example,
LightGaussian [14] employs signi�cance-based pruning with SH distillation and
adaptive vector quantization. These methods still incur non-negligible encoding
overhead due to the scene-speci�c optimization.

Feed-forward Compression Approaches Feed-forward compression approaches [7,
41, 57, 66, 72] aim to compress arbitrary pretrained 3DGS models in a sin-
gle forward pass without scene-speci�c optimization. A straightforward strat-
egy is to treat 3DGS as point cloud-like data and adopt standard point cloud
codecs [25,66]. For example, HGSC [25] employs MPEG G-PCC (Octree) [1,56]
for geometry coding and RAHT [53] for attribute coding. FCGS [7] proposes a
learning-based framework that compresses attributes using a Gaussian-mixture
probabilistic model for entropy coding. These approaches signi�cantly reduce en-
coding latency and improve applicability due to their paradigm-level e�ciency.
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However, existing designs typically compress scenes holistically, making it di�-
cult to support adaptive quality allocation for user-speci�ed regions. Our pro-
posed LayeredCGS belongs to the feed-forward approach and tackles this limi-
tation.

2.2 Layered Representation in 3DGS Compression

Progressive compression improves user experience through fast preview and
adaptive quality enhancement, which typically relies on layered representations.
Several recent methods [6,12,25,59] explore progressive compression for 3DGS.
GoDe [12] builds a gradient-based Gaussian hierarchy, and RAVE [59] further
re-estimates gradients between layers for continuous rate control. HGSC [25]
constructs hierarchical anchor primitives via K-D tree partitioning and farthest
point sampling. PCGS [6] introduces a progressive learnable mask to partition
Gaussian primitives. These methods substantially improve the practicality of
3DGS for streaming but still operate at a global quality level, leaving room for
�ner-grained region-adaptive quality allocation.

Meanwhile, Region-of-Interest (ROI) compression has been widely stud-
ied in image, video, and point cloud coding to allocate higher quality to impor-
tant regions under bitrate constraints [5,13,18,22,26,28,29,31,36,44,55,63,65,67].
Recently, several 3DGS segmentation methods [10,20,23,27,43,52,55,68,69,74�
76] have emerged, enabling the extraction of object-level masks from user inter-
actions. Leveraging this capability for interactive region de�nition, we further
couple it with a layered representation, enabling �ner-grained region-adaptive
quality allocation for ROI-aware progressive compression.

3 Proposed Method

Our method consists of two sequential components: RecastGS (Sec. 3.2 and
Fig. 2) and LayeredCGS (Sec. 3.3 and Fig. 3). RecastGS �rst provides a region-
aware layered representation, and LayeredCGS then compresses this represen-
tation into independently decodable bitstream segments. Before detailing these
components, we brie�y revisit the 3DGS Format and Layered Representation in
3DGS.

3.1 Preliminary

3DGS Format 3D Gaussian Splatting [30] represents a 3D scene using a set
of Gaussian primitives, which can be parameterized as the position � 2 RN g �3 ,
covariance matrix

P
2 RN g �3�3 , opacity � 2 R N g �1 , and view-dependent RGB

color c 2 RN g �3�(sh+1) 2
. Here Ng denotes the number of Gaussian primitives,

and sh is the spherical harmonics degree. Covariance matrix � can be further
parameterized as rotation r 2 RN g �4 and scaling s 2 RN g �3 . For rendering, a
tile-based rasterizer sorts them in a front-to-back depth order and applies alpha
blending after projecting them onto the image plane as 2D Gaussians.
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Such a 3DGS model consists of an unordered set of Gaussian primitives. Sev-
eral recent works [6,12,25,59] explore layered representations for 3DGS compres-
sion. Here, we brie�y revisit the layered representation proposed in GoDe [12],
which serves as the basis for our subsequent modeling.

Layered Representation In this layered representation, the number of Gaus-
sians allocated to each layer follows an exponential schedule. Speci�cally, given
the total number of layers L, the total number of Gaussians Ng, and the number
of Gaussians in the �rst layer n1, the cumulative number of Gaussians up to
layer i is de�ned as

Ci =
�

n1 � exp
�

log Ng � log n 1

L � 1
� i

��
; i = 1; : : : ; L: (1)

Then, the number of Gaussians assigned to each layer fn2; n3; : : : ; nL g is

ni = C i � C i�1 ; i = 2; : : : ; L; (2)

Starting from layer L to 1, the importance score for each Gaussian primitive is
iteratively computed within the remaining Gaussian set Ri based on the training
view set V . At each layer, the ni Gaussians with the lowest accumulated impor-
tance scores are selected and excluded from subsequent iterations, assigning less
important primitives to higher layers. For each Gaussian g 2 Ri , the cumulative
importance score is de�ned as

sg =
X

v2V

X

p2P(g)










@L(v)
@p










2
; (3)

where P(g) = f� g; � g; cg; r g; sgg denotes the parameter set of g, and k � k2
denotes the 2̀ norm measuring the magnitude of parameter-wise gradients. The
loss function follows vanilla 3DGS.

3.2 RecastGS: From Unordered to Region-Aware Layered Hierarchy

As illustrated in Fig. 2, RecastGS consists of two main components: Layered
Representation Construction and Object-Level Segmentation. The former in-
cludes overcomplete layer search and progressive distillation, while the latter is
achieved via prompt-driven object extraction.

Overcomplete Layer Search We study the impact of hyperparameters in-
volved in the layered representation of Sec. 3.1 and observe that the total layer
number L plays a critical role in the quality of the selected Gaussian subsets.
Increasing L leads to �ner-grained partitions of the Gaussian set, allowing the
gradient-based importance score to better di�erentiate primitives with varying
contributions to reconstruction �delity. However, increasing L leads to a higher
computational cost of subsequent �netuning to achieve the same �delity as a
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Fig. 2: Overview of RecastGS. Given a pretrained 3DGS model, RecastGS reorganizes
unordered Gaussian primitives into a region-aware layered hierarchy. The upper branch
constructs a layered representation via overcomplete layer search and progressive dis-
tillation, while the lower branch extracts object-level masks from user prompts through
prompt-driven object extraction. The output of both branches is recomposed to enable
region-adaptive quality allocation.

smaller L. To balance selection quality and computational e�ciency, we adopt
a simple yet e�ective overcomplete layer search strategy. We �rst construct an
Overcomplete Layered 3DGS Model with an expanded layer depth Lover > L to
obtain a �ne-grained partition of Gaussian primitives. A uniform layer merge is
then applied to these layers with a �xed stride k, resulting in a reduced layer
set of size L = bLover =kc. Speci�cally, every k adjacent overcomplete layers are
merged into one target layer, e.g., (1; 2) ! 1 when k = 2. As shown in Sec. 4.3,
the proposed strategy achieves a superior rate�distortion trade-o� compared to
the naive con�guration in GoDe. This modi�cation incurs only a small additional
computational overhead over GoDe (e.g., an average of 8.3 s on the Mip-NeRF360
dataset when Lover = 16; L = 8).

Progressive Distillation Although the overcomplete layer search yields a well-
structured layered representation, the parameters in the pretrained 3DGS model
are not optimized for this partitioning. We further conduct �netuning following
GoDe [12]. A direct �netuning strategy as adopted in GoDe randomly samples
a quality level i 2 f1; : : : ; Lg at each iteration and optimizes only the Gaussian
primitives assigned to layers � i under full ground-truth image supervision.

However, such a �netuning strategy exhibits several limitations. First, it ig-
nores the varying capacities of Gaussian subsets across quality levels. Subsets
with fewer primitives have limited expressive power, and directly �netuning them
with full ground-truth signals may cause unstable high-frequency �tting, harm-
ing optimization stability and reconstruction �delity. Second, random quality
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