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Figure 1: Our approach focuses on minimizing storage requirements while using only a minimal
number of Gaussian primitives. To achieve this, we introduce a local distinctiveness metric to
identify the important Gaussians. Additionally, we propose a more efficient attribute representation,
particularly for sparse Gaussians, by exploiting their irregularity and continuity. As a result, our
method enables scene representation under 5 MB while achieving 600+ FPS rendering.

Abstract

3D Gaussian Splatting (3DGS) has emerged as a powerful representation for
real-time, high-performance rendering, enabling a wide range of applications.
However, representing 3D scenes with numerous explicit Gaussian primitives
imposes significant storage and memory overhead. Recent studies have shown that
high-quality rendering can be achieved with a substantially reduced number of
Gaussians when represented with high-precision attributes. Nevertheless, existing
3DGS compression methods still rely on a relatively large number of Gaussians,
focusing primarily on attribute compression. This is because a smaller set of
Gaussians becomes increasingly sensitive to lossy attribute compression, leading
to severe quality degradation. Since the number of Gaussians is directly tied to
computational costs, it is essential to reduce the number of Gaussians effectively
rather than only optimizing storage. In this paper, we propose Optimized Minimal
Gaussians representation (OMG), which significantly reduces storage while using
a minimal number of primitives. First, we determine the distinct Gaussian from
the near ones, minimizing redundancy without sacrificing quality. Second, we
propose a compact and precise attribute representation that efficiently captures
both continuity and irregularity among primitives. Additionally, we propose a sub-
vector quantization technique for improved irregularity representation, maintaining
fast training with a negligible codebook size. Extensive experiments demonstrate
that OMG reduces storage requirements by nearly 50% compared to the previous
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state-of-the-art and enables 600+ FPS rendering while maintaining high rendering
quality. Our source code is available at https://maincold2.github.io/omg/.

1 Introduction

3D Gaussian Splatting (3DGS) [28] has gained popularity for fast and photorealistic 3D scene recon-
struction and rendering, offering a compelling alternative to conventional methods. By leveraging
tile-based parallelism to approximate NeRF’s [40] volumetric rendering, 3DGS enables significantly
accelerated rendering while maintaining high visual quality. This has facilitated a wide range of
applications, such as dynamic scene reconstruction [61 58], photorealistic avatar generation [48], 41]],
generative models [56} [11]], and city-scale rendering [29, 49], demonstrating its versatility across
various domains.

3DGS adjusts the number of Gaussian primitives during training by iteratively cloning or splitting
Gaussians with high positional gradients while removing low-opacity Gaussians. However, this
optimization process introduces a substantial number of redundant Gaussians (over 3 million per 360
scenes [2]), leading to excessive storage requirements and computational overhead. To address this
issue, various approaches have been proposed, including pruning based on rendering loss [32, 36] or
importance score [46l [14] and optimized densification strategies [39]. Notably, several methods [14,
151 164]] reduce the number of Gaussians to around 0.5 million, enabling real-time rendering even on
low-capacity GPUs while preserving rendering quality.

Despite these efforts, reducing the number of Gaussians alone does not sufficiently mitigate storage
overhead. Each Gaussian is parameterized by 59 learnable parameters, so even with a reduced
number of primitives, storage consumption remains substantial (e.g., 133 MB in Figure [I). To
address this, many works have explored compressing Gaussian attributes by leveraging vector
quantization [44} |13]], neural fields [53]], sorting mechanisms [42], and entropy optimization [8} 57],
demonstrating considerable improvements in reducing storage consumption.

However, the aforementioned compression methods typically rely on a large number of Gaussians
(over one million). This is due to two major challenges when the number of Gaussians is drastically
reduced: 1) each Gaussian needs to represent a larger portion of the scene, making it more suscep-
tible to compression loss, and 2) the increased spacing between Gaussians disrupts spatial locality,
leading to higher attribute irregularity and posing challenges for entropy minimization and efficient
compression. Since the number of Gaussians directly impacts computational costs, including training
time and rendering speed, it is crucial to develop approaches that effectively minimize the number of
Gaussians while maintaining compressibility.

In this paper, we propose Optimized Minimal Gaussian representation (OMG), an efficient compres-
sion framework that operates with a minimal number of primitives. To address the irregularity of
sparse Gaussians and maximize the compressibility, we employ per-Gaussian features in a novel
way. Although the reduced number of Gaussians leads to a decrease in local continuity, we can still
leverage the spatial correlation associated with each Gaussian’s position. Therefore, we introduce
a lightweight neural field model with negligible parameters to capture the coarse spatial feature.
This feature is integrated with the per-Gaussian features to represent each attribute, as shown in
Figure[2] This approach requires fewer per-Gaussian parameters than directly learning the original
attributes, enabling a more compact representation. While the proposed OMG architecture effectively
represents sparse Gaussians, the use of per-Gaussian features impacts storage efficiency. To mitigate
this, we introduce a sub-vector quantization (SVQ, Figure [3{c)), which splits the input vector into
multiple sub-vectors and applies vector quantization to each sub-vector. This approach alleviates
the computational overhead associated with large vector quantization codebooks (Figure [3[a)) and
reduces the storage burden caused by the multiple indexing stages of residual vector quantization
(Figure[3(b)), while maintaining high-precision representation.

Finally, to retain only the minimal number of Gaussians, we introduce a novel importance metric
that evaluates each Gaussian’s local distinctiveness relative to its neighbors, identifying the most
informative Gaussians. This metric is used alongside existing importance scoring methods based
on blending weights from training views [46), [14], further reducing the number of Gaussians while
preserving scene fidelity.


https://maincold2.github.io/omg/

Extensive experimental results demonstrate that OMG achieves a 49% reduction in storage compared
to the previous state-of-the-art method [53], requiring only 4.1MB for the Mip-NeRF 360 dataset [2]
while preserving comparable rendering quality. Additionally, OMG utilizes only 0.4 million Gaus-
sians, enabling 600+ FPS rendering. These results underscore the effectiveness of OMG in both
compression efficiency and computational performance, demonstrating it as a highly promising
approach for 3D Gaussian Splatting representation.

2 Related work

2.1 Neural Radiance Fields

Neural Radiance Fields (NeRF) [40] introduced a pioneering approach for novel view synthesis
by leveraging volumetric rendering in conjunction with multi-layer perceptrons (MLPs) to model
continuous 3D scenes. While NeRF achieves high-quality rendering, its reliance on MLP leads
to inefficiencies, particularly in terms of slow training and inference times. To overcome these
limitations, the following methods [16} 134] utilized explicit voxel-based representations, enabling
significantly faster training compared to traditional MLP-based NeRF models. However, these
approaches still suffer from slow inference speeds and impose substantial memory requirements,
posing challenges for scalability and practical deployment in large-scale environments.

Compact representation. To mitigate the memory overhead while maintaining rendering fidelity,
various works have been introduced, including grid factorization [6} 5} [17, 22| [18]], hash grids [43}
7, grid quantization [55} 52|, and pruning-based strategies [S0]. Nevertheless, achieving real-
time rendering for complex, large-scale scenes remains a formidable challenge. The fundamental
limitation of these approaches stems from the necessity of dense volumetric sampling, which, despite
optimizations, continues to constrain training and inference speed.

2.2 3D Gaussian Splatting

Recently, 3D Gaussian Splatting (3DGS) [28] has emerged as a paradigm-shifting technique for
real-time neural rendering by representing a scene with 3D Gaussian primitives. 3DGS leverages
customized CUDA kernels and optimized algorithms to achieve unparalleled rendering speed while
preserving high image quality. Unlike volumetric methods that require dense per-ray sampling,
3DGS projects Gaussians onto the image plane and rasterizes them tile-wise, significantly improving
computational efficiency. Due to its versatility, 3DGS has become a dominant paradigm in 3D
representation, leading to advancements across various domains and applications, such as mesh
extraction 21 [24]], simultaneous localization and mapping (SLAM) [27]], dynamic scene represen-
tation [38]], multi-resolution rendering [[62], and further improvements in rendering quality [14].
However, 3DGS requires a substantial number of Gaussians to maintain high-quality rendering.
Furthermore, each primitive is represented with multiple attributes, such as covariance matrices and
spherical harmonics (SH) coefficients, requiring a large number of learnable parameters. Conse-
quently, 3DGS demands substantial memory and storage resources, often exceeding 1GB per scene
in high-resolution environments.

Reducing the number of primitives. To alleviate the substantial computational and memory
overhead of 3DGS, numerous methods have been proposed to reduce the number of Gaussians while
preserving rendering quality. Several approaches follow 3DGS by pruning low-opacity Gaussians,
incorporated with opacity regularization [44], anchored Gaussians [37]], or hyperparameter search [42].
An alternative approach utilized binary masking techniques [32, 8l 154} 157, |59], where pruning
decisions are directly learned based on rendering loss. To optimize the binary masks, Compact-
3DGS [44] initially adopted STE [4]], while subsequent works [[65} 36] employed Gumbel-Softmax.

Another direction focuses on importance-based metrics to identify and remove redundant Gaussians.
These methods primarily leverage each Gaussian’s blending weight contribution to rendering training-
view images as a measure of importance [13} 114,146l 19,139]]. LightGaussian [13] further incorporates
Gaussian volume and opacity into the importance computation, while Taming 3DGS [39]] integrates
multiple information, including gradients, pixel saliency, and Gaussian attributes. Building upon
these advancements, we introduce a novel importance metric that incorporates color distinction
among neighboring Gaussians, enabling more effective selection of essential primitives.



Attribute compression. Earlier methods employed conventional compression techniques such as
scalar and vector quantization (VQ) [13} 44} 145,421 119,147160] and entropy coding [45! 142} |32} 8| 9]
to reduce storage requirements. VQ-based representations have proven highly efficient by the fact that
many Gaussian attributes are redundant across a scene, allowing for compact encoding. However, a
large codebook leads to substantial computational overhead, increasing training time. While residual
vector quantization (R-VQ) [32] can alleviate computational costs, it introduces additional storage
inefficiencies due to the need for multiple code indices.

Another line of work explored structured representations, incorporating anchor-based encoding [37}
8,159, 135]] and factorization techniques [54], integrated with grid representations. Scaffold-GS [37/]]
first introduced an anchor-based approach, where attributes of grouped Gaussians are encoded using
shared anchor features and MLP-based refinements. Building upon this, subsequent methods [8,[10,
59, 135]] incorporated context modeling to further improve compression rates. While showing high
compression performance, these approaches require per-view processing, involving multiple MLP
forward passes, which results in significant rendering latency.

Recent efforts have utilized neural field architectures to exploit the local continuity of neighboring
Gaussians. Compact-3DGS [32]] encodes view-dependent color, while LocoGS [53] represents all
Gaussian attributes except for view-independent color. However, unlike NeRF-based representations,
where exact spatial positions are used as inputs to neural fields, mapping Gaussian center points to
their corresponding attributes remains challenging. This difficulty leads to the use of large neural
field models to achieve accurate reconstruction. In this work, we propose a novel approach that
effectively captures both the continuity and irregularities across Gaussians, enabling a more efficient
and compact attribute representation.

3 Method

Background. 3DGS represents a scene using a set of /N Gaussians, parameterized by their attributes:
center position p € RY>*3, opacity o € [0,1]", 3D scale s € Rf %3 3D rotation represented
as a quaternion r € RV*4 and view-dependent color modeled using spherical harmonics (SH)
coefficients h(®) € RV*3 (0 degree for static color), h(1:2:3) € RNV*45 (] to 3 degrees for view-
dependent color). The covariance matrix of each Gaussian 3J,, € R3*3 is determined by scale s,, and
rotation r,, attributes.

To render an image, 3D Gaussians are projected into 2D space. Each pixel color in the image C(-) is
then rendered through the alpha composition using colors c,, (determined by spherical harmonics
under the given view direction) and the final opacity in 2D space «, (),
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where z denotes a pixel coordinate and X/, p!, are the projected Gaussian covariance and center

position. A (z) represents the number of Gaussians around x, where the Gaussians are depth-sorted
based on the given viewing direction.

3.1 Overall architecture

OMBG is designed to accurately and efficiently represent the attributes of the minimal Gaussian
primitives. Existing approaches [32} 53] have leveraged neural fields to exploit the local continuity of
Gaussian attributes. While effective in dense representations, this assumption weakens as Gaussians
become sparser. In sparse settings, neighboring Gaussians are further apart, and smooth transitions
between them become insufficient to maintain fidelity. Especially for geometry, each Gaussian covers
a larger spatial region, requiring a more specific scale and rotation to accurately capture structural
details. Therefore, we retain the per-Gaussian parameterization for scale s € Rf *3 and rotation

r € RV>4 a5 in 3DGS.

For appearance, local continuity can still be maintained even with increased sparsity. However,
unlike NeRF, where the query input is a direct spatial point, mapping Gaussian center points to
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Figure 2: The overall architecture of our proposed OMG. OMG learns per-Gaussian geometric and
appearance features, applying Sub-Vector Quantization (SVQ) to all of them. The SVQ-applied
geometric attributes are used for rendering, while the space feature based on the Gaussian center
position is integrated into the appearance features to define the final appearance.
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corresponding appearances is inherently challenging. This requires a larger neural field model to
maintain high fidelity. On the other hand, entirely disregarding local continuity leads to an inefficient
representation, limiting the ability to capture meaningful spatial relationships. OMG addresses
these challenges by integrating per-Gaussian attributes with a small neural field structure, effectively
leveraging both irregularity and continuity.

To represent appearance, we learn per-Gaussian attributes, namely a static feature 7 € RV*P
and a view-dependent feature V' € RV XD, where D is the dimensionality of each feature. As
illustrated in Figure [2 each feature is concatenated with the space feature F,,, derived from each
Gaussian’s center position, to generate static and view-dependent color, and opacity. The space
feature itself is efficiently parameterized using positional encoding and an MLP, ensuring a highly
compact representation. Formally, this process can be expressed as follows:

WO = MLP, (cat(Tn, F,)), on = MLP,(cat(Ty, F,)), 3)
h123) = MLP, (cat(Vy,, Fr)), Fp = MLP,((pn)), )

where cat(-, -) denotes the concatenation function, v(-) represents the positional encoding function,
and MLP, (), MLP,(-), MLP,(-), MLP(-) are the MLPs for static color, opacity, view-dependent
color, and space feature, respectively.

3.2 Sub-vector quantization

Vector quantization (VQ) [20] has shown high efficiency for representing Gaussian attributes, capi-
talizing on their inherently vectorized structure and strong global coherence across an entire scene.
However, to maintain high fidelity, a large codebook size is required, inevitably resulting in substantial
computational overhead and increased training complexity [63]] (Figure[3(a)). To address these issues,
Residual Vector Quantization (R-VQ) [63] has been used as a hierarchical quantization strategy [32],
progressively refining representations while reducing the size of each individual codebook. However,
as shown in Figure [3[b), multiple code indices per attribute result in increased storage overhead,
illustrating a tradeoff between reducing per-codebook complexity and increasing overall storage
requirements.

To navigate this tradeoff, we propose Sub-Vector Quantization (SVQ), which partitions the attribute
vector into multiple sub-vectors and applies vector quantization separately to each component
(Figure [3c)), motivated by Product Quantization [26]. By reducing the dimensionality of each
quantized unit, SVQ allows for smaller codebooks and more efficient lookups, which can balance
computational cost and storage efficiency while maintaining high fidelity. We can apply SVQ to an
input vector z € RML, where M and L represent the total number of sub-vectors (partitions) and
the sub-vector length, respectively. Each partition m € {1, ..., M} has an independent codebook
C(m) ¢ RBXL where B denotes the number of codewords per codebook. The codeword selection is
based on the nearest match from C("™), with C'(™)[j] representing the j-th codeword corresponding
to the m-th sub-vector. More formally, SVQ-applied vector Z can be formulated as follows,

2= q(z; M) = cat(CV[ir], O [ig], ..., CMD]ipg]), )
im = argmin ||z, _C(m)[j]”%a m e {1,..,M}, (6)
J
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Figure 3: Conceptual diagram of (a) vector quantization, (b) residual vector quantization, and (c)
sub-vector quantization. + and & denote the element-wise summation and the vector concatenation.

where ¢(z; M) denotes applying SVQ with M sub-vectors and 4,,, € {1, ..., B} is the selected index
of m-th sub-vector.

SVQ ensures significantly reduced computation with small codebooks compared to VQ. We apply
SVQ to geometric attributes s,,, r,,, resulting in quantized vectors $,,, 7*,, which are then used for
3DGS rendering. For the appearance features T, V,,, we first concatenate them and apply SVQ. The
resultlng quantlzed features are then split back into two components T, ns V., which replace 7T, and
V,, in Equations (3) and (@).

Although the reduced codebook size significantly decreases computational overhead compared to
VQ, the process of updating both the indices and codes at every training iteration increases training
time. Moreover, we observe that as training converges, the selected codebook indices remain largely
unchanged. Therefore, we adopt a fine-tuning strategy in the final 1K iterations: after initializing
with K-means, we freeze the indices and finetune only the codebook using the rendering loss, without
introducing any additional losses. Since K-means initialization is completed within seconds due to
the small codebooks, this approach adds minimal additional training time, unlike other methods that
incur significant overhead.

3.3 Local distinctiveness for important scoring

OMG adopts importance scoring to identify essential Gaussians and retain a minimal number of them.
Existing scoring-based pruning methods typically determine the importance of each Gaussian based
on its blending weights (the values multiplied by ¢, in Equation (T))) across training-view renderings.
We use two factors as our baseline metric: (1) whether it has been the most dominant contributor for
at least one ray [14}[15] and (2) its total blending weight contribution across all training rays (46, [19].
Formally, we define the base importance score [ as:
NE . R
I = {Zp_l w;p, ifdp e {1,.., N"}Huw; , = max; wj ,, N
0, otherwise,
where w; , represents the blending weight of Gaussian i for ray p and N is the number of total rays
in training views.

While this score captures global importance, it does not account for redundancy among closely-
positioned Gaussians. In cases where multiple Gaussians are located in close proximity, their blending
weights tend to be highly similar, thus naively thresholding them can lead to two potential issues:
(1) abrupt performance degradation when all similar Gaussians are simultaneously removed, and (2)
redundancy when multiple Gaussians with near-identical contributions are retained.

To mitigate these issues, we propose incorporating a local distinctiveness metric into the importance
computation. Specifically, we introduce an additional term that measures the similarity of the
static appearance feature 7' € R XD between neighboring Gaussians, ensuring that locally distinct
Gaussians show high importance. The final importance score is defined as:

A
=1
L=Ii{5 > IT-Tlh| . ®)
JENK

where VX denotes the set of K -nearest neighbors of Gaussian 4, and X is a scaling factor that adjusts
the sensitivity to appearance variation. As computing exact /-nearest neighbors for every Gaussian is
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Figure 4: Qualitative results of OMG compared to 3DGS and LocoGS with COLMAP initialization.
We provide per-image rendering PSNR with storage requirements for each scene.

computationally expensive, we approximate neighbor selection by sorting Gaussians in Morton order
and selecting Gaussians with adjacent indices as their local neighbors. We remove low-importance
Gaussians using CDF-based thresholding [33]] with a threshold 7.

4 Experiment

4.1 Implementation details

Following the previous works, we evaluated our approach on three real-world datasets, Mip-NeRF
360 [2]], Tanks&Temples [31]], and Deep Blending [23]]. Our model is implemented upon Mini-
Splatting [14], one of the methods achieving high performance with a small number of Gaussians.
We have conducted simple post-processings after training: 1) Applying 16-bit quantization to the
position and compressing with G-PCC [531]]. 2) Huffman encoding [23] to SVQ indices. 3) Storing all
the components into a single file with LZMA [[1]] compression. We provide five OMG variants (XS, X,
M, L, XL), adjusting storage requirements. The only factor controlling the storage is the CDF-based
threshold value 7 of Gaussian importance, which is set to 0.96, 0.98, 0.99, 0.999, and 0.9999 for each
variant, respectively. Further implementation details are provided in the supplementary materials.

4.2 Performance evaluation

Compression performance. Tables [I] and 2] compare the performance of OMG against various
baseline methods on the Mip-NeRF 360, Tanks & Temples, and DeepBlending datasets. OMG
consistently shows the smallest storage requirements while maintaining high performance across all
datasets, achieving state-of-the-art (SOTA) results. Notably, on the Mip-NeRF 360 dataset, OMG-XS
achieves nearly a 50% reduction in storage compared to the small variant of LocoGS [33]], the
previous SOTA compression method, while retaining PSNR and SSIM. With over 30% reduced
storage, OMG-M outperforms LocoGS-S in all quality metrics. Moreover, OMG-XL surpasses
LocoGS-L in all metrics, even though requiring less storage than LocoGS-S.

The qualitative results presented in Figure ] also demonstrate the strong performance of OMG.
Despite achieving over 100x compression compared to 3DGS, OMG maintains comparable visual
quality. Especially, in the bicycle scene, OMG-XS achieves over 300x compression relative to
3DGS while accurately reconstructing details that 3DGS fails to represent, resulting in a blurry area
(highlighted in red) in its rendering. This superiority can be attributed to the blur split technique of
our baseline model, Mini-Splatting [14]]. Despite reducing the number of Gaussians by an additional
20% compared to Mini-Splatting (Table [3), OMG-XS retains high visual fidelity, demonstrating its
effectiveness in extreme compression scenarios.



Table 1: Quantitative results of OMG evaluated on the Mip-NeRF 360 dataset. Baseline results are
sourced from the LocoGS [53]] paper, where the rendering results were obtained using an NVIDIA
RTX 3090 GPU. Our rendering performance was measured using the same GPU, with the values
in parentheses obtained from an NVIDIA RTX 4090 GPU. LocoGS* refers to LocoGS initialized
with COLMAP, instead of dense Nerfacto initialization. We highlight the results among compression

methods by coloring the best, second-best, and third-best performances.

Mip-NeRF 360

Method PSNR1 SSIM+ LPIPS| Size(MB)|  FPS1
3DGS 2744 0813 0218 822.6 127
Scaffold-GS [37] 2766 0812 0223 187.3 122
Mini-Splatting [14] 2739 0822 0216 119.5 (601)
CompGS [44] 27.04 0804  0.243 22.93 236
Compact-3DGS [32] 2695  0.797  0.244 26.31 143
C3DGS [45) 2709  0.802 0237 29.98 134
LightGaussian [13] 2690  0.800  0.240 53.96 244
EAGLES [19] 2710  0.807  0.234 59.49 155
SOG [42] 2701  0.800  0.226 43.77 134
HAC [8] 2749 0807 0236 16.95 110
LocoGS-S [53] 2704 0806 0232 7.90 310
LocoGS-L [53] 2733 0814 0219 13.89 270
2709 0798  0.250 7.96 (396)
*
LocoGS* (COLMAP) 5737 03807 0236 15.10 (325)
OMG-XS 2706  0.807  0.243 4.06 350 (612)
OMG-M 2721 0814 0229 531 298 (511)
OMG-XL 2734 0819 0218 6.82 251 (416)

Table 2: Quantitative results of OMG evaluated on the Tanks&Temples and Deep Blending datasets.
Baseline results are sourced from the LocoGS [53]] paper, where the rendering results were obtained
using an NVIDIA RTX 3090 GPU. Our rendering performance was measured using the same GPU,
with the values in parentheses obtained from an NVIDIA RTX 4090 GPU.

Tank&Temples Deep Blending

Method PSNR1 SSIM1 LPIPS| Sizel FPS 1 PSNR1 SSIM1 LPIPS| Sizel FPS 1
3DGS [28] 23.67 0.844 0.179 4524 175 29.48 0.900 0246  692.5 134
Scaffold-GS [37] 24.11 0.855 0.165 154.3 109 30.28 0.907 0.243 121.2 194
Mini-Splatting [14] 23.41 0.846 0.180 67.6 (1095) 30.04 0.910 0.241 1249 (902)
CompGS [44] 23.29 0.835 0.201 14.23 329 29.89 0.907 0.253 15.15 301
Compact-3DGS [32]  23.33 0.831 0.202 18.97 199 29.71 0.901 0.257 21.75 184
C3DGS [45] 23.52 0.837 0.188 18.58 166 29.53 0.899 0.254 2496 143
LightGaussian [13] 23.32 0.829 0.204 2994 379 29.12 0.895 0262 4525 287
EAGLES [19] 23.14 0.833 0.203 30.18 244 29.72 0.906 0.249 5445 137
SOG [42] 23.54 0.833 0.188 24.42 222 29.21 0.891 0.271 19.32 224
HAC [8] 24.08 0.846 0.186 8.42 129 29.99 0.902 0.268 451 235
LocoGS-S [53] 23.63 0.847 0.169 6.59 333 30.06 0.904 0.249 7.64 334
LocoGS-L [53] 23.84 0.852 0.161 12.34 311 30.11 0.906 0.243 13.38 297
OMG-M 23.52 0.842 0.189 322 555(887) 29.77 0.908 0.253 434 524 (894)
OMG-L 23.60 0.846 0.181 393 478 (770)  29.88 0.910 0.247 521 479 (810)

Computational efficiency. OMG achieves remarkable efficiency alongside high performance. As
shown in Table[3] OMG shows superior scene fidelity with significantly fewer Gaussian primitives
compared to LocoGS. This reduction results in substantial rendering speed improvements of 13%,
67%, and 57% for the Mip-NeRF 360, Tank&Temples, and Deep Blending datasets (Tables E] and E]),
respectively, compared to LocoGS, highlighting its potential for real-time rendering on low-capacity
devices. Furthermore, OMG accelerates training speed. The substantial improvement over LocoGS
can be attributed to two key factors: the reduced number of Gaussians and the absence of a large
neural field. By efficiently exploiting coarse spatial information through a tiny MLP, OMG achieves
high computational efficiency.

4.3 Ablation study

Local distinctiveness (LD) scoring. OMG improves Gaussian pruning by incorporating LD
scoring into the importance estimation. Without attribute compression, LD scoring enables high



Table 3: Efficiency comparison of OMG variants evaluated on the Mip-NeRF 360 dataset. We present
training time, the number of Gaussians, and the storage requirement with rendering quality.

Method Training #Gauss Size PSNR SSIM LPIPS
Mini-Splatting  19m 25s 531K 119.5 27.39 0.822 0.216
LocoGS-S ~1h 1.09M 7.9 27.04 0.806 0.232
LocoGS-L =~ 1.32M  13.89 27.33 0.814 0.219
OMG-XS 20m 15s 427K 406 27.06 0.807 0.243
OMG-S 20m 57s 501K 4.75 27.14  0.811 0.235
OMG-M 2Im 10s 563K 5.31 27.21  0.814 0.229
OMG-L 2Im 32s 696K 6.52 2728 0.818 0.220
OMG-XL 22m26s 727K 6.82 2734 0.819 0.218
275 235 Table 4: Ablation study of OMG using the Mip-
Mip-NeRF 360 234 : y g p
27.4 23‘3 NeRF 360 dataset.
. 273 23.2 Method PSNR SSIM LPIPS #Gauss Size
527.2 231 OMG-M 2721 0814 0229 0.56M 531
o 23 w/o Space feature  26.96  0.811 0.232  0.59M 5.58
271 S~a 229 wloLD scoring ~ 27.09 0813 0230 057M 536
+>20% 8 wlo Both 2681 0809 0234 059M 5.59
2 #G o Wlo SVQ 2726 0817 0226 056M 261
26.9 : —— Mini-Splatting
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Figure 5: Evaluation without attribute compression.

rendering quality with extremely reduced Gaussians, achieving similar performance compared to
Mini-Splatting that use 20-30% more Gaussians, as shown in Figure[5] When applying attribute
compression (Table[3), OMG with LD scoring still outperforms, leading to a significant performance
improvement with a similar number of Gaussians. This effect becomes even more pronounced when
the target Gaussian number is lower, demonstrating that LD scoring provides an effective approach
for further reducing a sparse set of Gaussians.

OMG architecture. OMG leverages a highly compact neural field to capture coarse spatial
information while reducing the number of learnable parameters per Gaussian. Table [ validates
the contribution of this space feature. Although the total number of Gaussians slightly increases,
performance significantly degrades. The absence of spatial information introduces instability in
attribute learning, hindering effective importance scoring. This trend is consistently observed in both
our small and medium models, highlighting the effectiveness of the space feature despite its minimal
parameter overhead. Furthermore, when both the space feature and LD scoring are removed, the
model experiences the most substantial performance drop. This indicates that the two contributions
are orthogonal, independently contributing to model efficiency and performance.

Sub-vector quantization. Table 4| shows the effectiveness of SVQ in terms of performance-
storage efficiency. In addition, we replaced it with VQ and RVQ while keeping the proposed clever
training strategy: K-means clustering is performed once prior to the final 1K iterations, after which
only the codebook is updated. As shown in Table[5] VQ incurs a 13-18x increase in codebook
initialization time compared to SVQ, resulting in significantly higher training overhead due to the
need for large codebooks (2! entries per scale, rotation, and two appearance features) to ensure
accurate representation. Nevertheless, VQ leads to lower rendering quality and/or increased storage
costs across variants. In contrast, RVQ achieves slightly faster codebook initialization than SVQ but
performs poorly in terms of rate-distortion efficiency, yielding higher storage requirements and lower
rendering quality. These results demonstrate that SVQ outperforms both VQ and RVQ in representing
per-Gaussian attributes efficiently.

Generalization ability. The OMG attribute representation is applicable to all 3DGS-based methods,
as it flexibly represents attributes with spatial locality (via space features and SVQ) as well as those
without (using SVQ alone). To validate this generalizability, we applied OMG to 3DGS-MCMC [30],
a method well-known for effective densification. As reported in Table[6] OMG preserves the original
performance and reduce storage requirements, demonstrating its broader applicability.



Table 5: Ablation study of SVQ on the Mip-NeRF 360 dataset. We replace SVQ with either VQ or
RVQ. ‘CB Init’ denotes the time (in seconds) required for codebook initialization.

Method OMG-XS OMG-M OMG-XL
Metric CB Init| Size] PSNR{ CBInit] Size] PSNRT CBInit] Size] PSNRt
OMG 4.8 4.06 27.06 7.6 5.31 27.21 7.9 6.82 27.34

SVQ—VQ 86.4 4.21 27.06 100.9 5.36 27.18 117.4 6.70 27.27
SVQ—RVQ 4.0 4.19 27.01 55 5.52 27.13 6.9 7.10 27.25

Table 6: Results of applying OMG representation to 3DGS-MCMC [30]] on the Mip-NeRF dataset.
Method #Gauss PSNR SSIM LPIPS Size #Gauss PSNR SSIM LPIPS Size

MCMC [30] 500K 2742 0.807 0.248 115MB IM 27.83 0.823 0.221 230 MB
MCMC+OMG 500K 2721 0.797 0.256 5.1 MB IM 27.63 0.813 0.227 10.0MB

Table 7: Performance evaluation using Zip-NeRF [3] dataset. * indicates results reported in the
SMEREF [12]] paper, where 3DGS hyperparameters were tuned for higher performance. We train and
report results for 3DGS and Mini-Splatting using their default settings.

Method PSNR SSIM LPIPS #Gauss Size

Zip-NeRF* [3] 2737 0.836 0.305 - 607 MB
SMERF* [12] 27.28 0.829 0.350 - 4.1 GB
3DGS* [28] 25,50 0.810 0.369 - 212 MB
3DGS [28] 25.16 0.813 0.358 934K 210 MB
Mini-Splatting [14] 24.57 0.802 0.370 337K 75.7MB
MCMC [30] 2637 0.838 0.318 M 675 MB
MCMC+OMG 26.69 0.839 0.310 M 29.0 MB

5 Limitations and broader applicability

Baseline dependancy. OMG builds upon 3DGS and Mini-Splatting with the goal of preserving
original rendering quality under compact representations. However, its applicability remains inher-
ently bounded by the capabilities of these baselines. For instance, 3DGS and subsequent approaches
exhibit clear limitations in capturing the complexity of larger-scale scenes such as the Zip-NeRF [3]
dataset. As shown in Table [7] both 3DGS and Mini-Splatting fail to densify a sufficient number
of Gaussians, leading to degraded performance. Consequently, OMG inherits these limitations,
restricting its applicability in such scenarios.

Broader applicability. On the other hand, as demonstrated in Table [, OMG can be applied
in a generalizable manner across different baseline methods. Based on this strength, we tune
3DGS-MCMC for large-scale scenes and incorporate the OMG representation, achieving superior
performance while drastically reducing storage requirements (Table[7). More broadly, when integrated
with ongoing research across diverse domains, OMG has the potential to provide a highly general
and efficient representation.

6 Conclusion

In this paper, we proposed Optimized Minimal Gaussians (OMG), a novel framework that significantly
reduces the number of Gaussian primitives while maximizing compressibility and maintaining
high rendering quality. By effectively identifying and preserving locally distinct Gaussians, OMG
minimizes the redundancy of Gaussians with minimal loss of visual fidelity. Furthermore, our
compact and precise attribute representation, combined with sub-vector quantization, enables efficient
exploitation of both continuity and irregularity, ensuring high efficiency. Experimental results
demonstrate that OMG reduces storage requirements by nearly 50% compared to the previous state-
of-the-art method while allowing over 600 FPS rendering performance. OMG sets a new benchmark
for highly efficient 3D scene representations, paving the way for future advancements in real-time
rendering on resource-constrained devices.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction accurately reflect the paper’s contribution,
Optimized Minimal Gaussians (OMG) representation, which reduces storage requirements
and enables faster rendering compared to existing 3DGS methods.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitations of our method in Section 5.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]

Justification: The paper does not present formal theoretical results or proofs.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.

The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide sufficient details for reproducing the main experimental results,
including descriptions of the datasets used, evaluation metrics, and implementation details.

Guidelines:

The answer NA means that the paper does not include experiments.

If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The experiments are conducted using open datasets, and the paper provides
detailed implementation descriptions. Additionally, the source code is attached in the
supplementary material to ensure reproducibility.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

 Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The paper specifies training and testing details, including datasets, hyperpa-
rameters, and optimizer settings, necessary to understand the results.

Guidelines:

* The answer NA means that the paper does not include experiments.

» The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: Error bars are not provided, following the common practice in this field where
experimental results typically do not vary significantly across runs.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

¢ For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The paper provides information on the compute resources used, including
GPU models (e.g., NVIDIA RTX 3090 and 4090), and reports training times and rendering
speeds achieved.

Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: The research adheres to ethical guidelines, with no indication of unethical
practices or violations of the NeurIPS Code of Ethics.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: There is no societal impact of the work performed. This paper is focused on
optimizing the efficiency of an existing framework.
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Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The paper does not release models or data with high risk for misuse.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The paper references existing datasets and methods used, respecting their
licenses and terms of use.

Guidelines:
» The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

19



13.

14.

15.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The new assets introduced, including the OMG codebase, are well documented
and provided alongside the paper for reproducibility.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing or research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The research does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used

only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The research does not involve the use of large language models as a core
component of the methodology.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Difficulty in compressing small set of Gaussians

To assess the challenge of compressing a small number of Gaussians, we integrate Mini-Splatting [[14]]
with existing methods [32}153]]. We trained LocoGS [53]] with Mini-Splatting-based densification in
an end-to-end manner. For Compact-3DGS [32]], however, we observe that training it directly with
Mini-Splatting-based pruning fails to converge, due to inaccurate attribute representations during
training. Rather, we halt Mini-Splatting training early at 20K iterations, where the pruning process is
ended, and integrate Compact-3DGS representation in the subsequent 10K iterations.

As shown in Table[§] the integration of Mini-Splatting results in a significant degradation in visual
quality across both methods, primarily caused by imprecise attribute representations for irregular and
sparse Gaussians. In contrast, OMG preserves high visual fidelity with drastically reduced storage by
through its novel attribute representation.

Table 8: Performance evaluation compared to Compact-3DGS [32] and LocoGS [53]] with the reduced
number of Gaussians.

Method PSNR SSIM LPIPS #G Size

Mini-Splatting (MS) 27.39 0.822 0216 531K 120MB
Compact-3DGS 27.03 0.797 0247 139M 29.1 MB
MS + Compact-3DGS  26.85 0.807 0.234 525K 14.8 MB
LocoGS-S 27.04 0.806 0232 1.09M 79MB
MS + LocoGS-S 26.52  0.789 0.257 537K 6.2MB
LocoGS-L 27.33 0814 0219 132M 139MB
MS + LocoGS-L 26.76  0.799 0247 525K 11.3MB

B KNN approximation using Morton order

Table [0 presents a comparison between Morton-order-based approximation and KNN for LD scoring.
The performance is nearly identical, demonstrating that Morton order effectively approximates KNN
while achieving a 146 x speedup, even with the smallest model. While using KNN is reasonable in
our current setup (LD scoring once at 20K with fewer than 1M Gaussians), our decision to adopt
Morton order is motivated by the need for scalability and generalizability. In more complex or
larger-scale scenes, the number of Gaussians can increase significantly during earlier training stages.
In such cases, KNN becomes impractical due to its high memory usage and computational complexity
of O(N?). Morton order, by contrast, provides a well-approximated yet efficient alternative that
scales better with the number of primitives.

Table 9: Performance evaluation of KNN approximation on the Mip-NeRF 360 dataset.

Method PSNR SSIM LPIPS Time (ms)
OMG-XS 27.06 0.807 0.243 4100
Morton — KNN  27.07 0.808 0.241 28

C Rendering speed on weaker devices

We have measured the FPS of our method on an NVIDIA RTX 4090 and a lower-end GPU, NVIDIA
GTX 1080 Ti. As shown in Table OMBG achieves substantially higher FPS on both devices
compared to LocoGS, primarily due to its drastically reduced number of Gaussians. Especially,
OMG-XS show 1.5x faster rendering on the GTX 1080Ti while requiring only half the storage and
preserving high visual quality. These results indicate that OMG’s efficiency directly extends to
practical real-time applications, enabling deployment on lower-end GPUs.
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Table 10: Rendering FPS evaluated on the RTX 4090 and GTX 1080Ti, compared to LocoGS (with
COLMAP initialization).

Method 4090 1080Ti PSNR SSIM LPIPS #Gauss Size (MB)

LocoGS 396 73 27.09 0.798 0.250 1.04M 7.96
OMG-XS 612 106 27.06 0.807 0.243 0.43M 4.06

LocoGS 325 59 27.37 0.807 0.236 1.44M 15.1
OMG-XL 416 77 27.34  0.819 0.218 0.73M 6.82

Table 11: Ablation study on the post-processing methods applied in OMG.
G-PCC Huffman OMG-XS OMG-S OMG-M OMG-L OMG-XL

- - 5.82 6.83 7.66 9.47 9.89
v - 4.30 5.04 5.64 6.92 7.25
- v 5.58 6.54 7.33 9.08 9.46
v v 4.06 4.75 5.31 6.52 6.82

D Implementation details

D.1 Mip-NeRF 360 dataset

All experiments were conducted using an NVIDIA RTX 4090. Our method was implemented within
the Mini-Splatting [[14] framework and trained for 30K iterations. At the 20K iteration simplification
process, local distinctiveness scoring was incorporated where the factor A was set to 2. The dimension
of appearance features D was set to 3. Scale and rotation were trained from the initial training, while
appearance features were introduced at 15K iterations. At this stage, the static features were initialized
using the spherical harmonics DC coefficients trained until 15K iterations, whereas view-dependent
features were initialized as zero vectors.

From 29K iterations (last 1K iterations), SVQ (Sub-Vector Quantization) was applied to per-Gaussian
features. As mentioned in the paper, to enhance training efficiency, K-means clustering was performed
once. The assigned indices based on K-means were fixed, and only the codebooks were optimized
for the remaining 1K iterations. For SVQ, different bit allocations were assigned.

* Scale: length 1, 26 codes for each sub-vector

* Rotation: length 2, 29 codes for each sub-vector

* Appearance features: length 2, 210 codes for each sub-vector
The length 1 SVQ applied to scale can be interpreted as scalar quantization, dynamically learning the

quantization range with the codebooks. All codes in the codebook are stored with 16-FP precision.

This SVQ configuration was commonly applied across all variants from XS to XL. The model
storage for each variant was determined only by the importance score threshold 7, which is used for
simplification at the 20K iteration, set to 0.96, 0.98, 0.99, 0.999, and 0.999, respectively.

D.2 Zip-NeRF dataset

We used the 3DGS-MCMC [30] framework, and tuned it for the Zip-NeRF dataset, by training 3M
Gaussians for 150K iterations with a densification interval of 1K iterations. Other hyperparameters are
set to default values. For OMG training, the appearance features were introduced at 100K iterations,
and from 140K iterations (last 10K iterations), SVQ was applied to per-Gaussian features. For SVQ,
bit allocations were assigned as follows:

* Scale: length 1, 27 codes for each sub-vector

» Rotation: length 2, 2!° codes for each sub-vector

* Appearance features: length 2, 2! codes for each sub-vector
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Table 12: The average storage allocation for each component across OMG variants. ‘Actual size’
refers to the total size of a single file containing all components.

Attribute OMG-XS OMG-S OMG-M OMG-L OMG-XL

Position 0.93 1.08 1.20 1.43 1.52
Scale 0.83 0.97 1.09 1.33 1.41
Rotation 0.87 1.02 1.15 1.40 1.49
Appearance 1.39 1.63 1.82 2.22 2.35
MLPs 0.03 0.03 0.03 0.03 0.03
Total 4.04 4.73 5.29 6.42 6.80
Actual size 4.06 4.75 5.31 6.52 6.82

E Effect of post-processings

As mentioned in the main paper, we applied the following two post-processing methods:

» Compressing the 16-bit quantized position with G-PCC [51]].
* Huffman encoding [25]] to SVQ indices and compressing the results with LZMA [1]].

Both methods are applied losslessly, and we report the resulting storage changes in Table[TT} When
applied independently, G-PCC and Huffman encoding consistently reduce the total storage by 26-27%
and 4-5% across all storage budgets, respectively. Applying both methods together also results in the
overall storage reduction remaining consistent at approximately 30-32%.

F Storage analysis

We conducted experiments to analyze the storage requirements of OMG for representing each attribute,
as shown in Table[T2] Across all variants, OMG allocates approximately 20-25% of the total storage
to position, scale, and rotation, while around 35% is dedicated to representing appearance attributes,
including static and view-dependent color as well as opacity. The four MLPs for representing local
continuity and aggregating appearance attributes exhibit negligible storage requirements, even without
extra compression.

G Per-scene results

We report per-scene results in Table @] (Mip-NeRF 360 [2]) and Table [E] (T&T [31] and DB [23]]).
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Table 13: Per-scene results evaluated on the Mip-NeRF 360 [2] dataset.

Method  Metric  bicycle bonsai counter flowers garden kitchen  room stump  treehill Avg.

PSNR 24.95 30.90 28.40 21.32 26.42 30.81 31.09 27.00 22.60 27.06
SSIM 0.743 0.932 0.899 0.596 0.818 0.919 0918 0.788 0.647 0.807
LPIPS 0.276 0.202 0.206 0.368 0.190 0.137 0.208 0.247 0.357 0.243

OMG-XS  Train 18:03 20:30 24:44 19:18 18:02 23:45 20:30 17:49 19:40 20:15
#Gauss 480772 263892 310056 543034 607254 356752 281236 523821 479520 427371
Size 4.61 2.53 2.95 5.24 5.65 3.33 2.67 4.95 4.64 4.06
FPS 682 648 433 616 615 498 648 708 658 612

PSNR 25.08 31.05 28.56 21.18 26.56 30.89 31.20 27.08 22.64 27.14
SSIM 0.750 0.936 0.903 0.602 0.826 0.921 0.922 0.792 0.650 0.811
LPIPS 0.264 0.195 0.199 0.358 0.177 0.132 0.201 0.239 0.347 0.235
OMG-S  Train 19:01 21:09 25:19 20:13 18:41 24:12 21:38 18:29 19:55 20:57
#Gauss 573126 310096 360930 633607 691441 412126 338884 619734 573425 501485
Size 5.46 2.94 3.41 6.10 6.43 3.83 3.19 5.83 5.54 4.75
FPS 601 585 401 555 556 462 620 601 588 552

PSNR 25.14 31.06 28.62 21.40 26.71 31.05 31.30 27.06 22.55 27.21
SSIM 0.756 0.938 0.905 0.606 0.832 0.923 0.923 0.794 0.652 0.814
LPIPS 0.256 0.190 0.195 0.351 0.169 0.129 0.198 0.233 0.339 0.229
OMG-M  Train 18:58 21:01 25:44 20:35 18:51 24:18 22:14 18:31 20:22 21:10
#Gauss 646191 350999 400442 708074 772338 454908 375520 704907 649157 562504
Size 6.15 3.33 3.76 6.79 7.18 421 3.53 6.61 6.24 5.31
FPS 562 536 371 510 522 440 566 566 525 511

PSNR 25.24 31.47 28.66 21.45 26.83 31.03 31.26 27.05 22.57 27.28
SSIM 0.762 0.941 0.907 0.613 0.837 0.924 0.926 0.795 0.653 0.818
LPIPS 0.241 0.183 0.189 0.338 0.160 0.126 0.191 0.226 0.329 0.220
OMG-L  Train 19:25 21:16 26:06 20:50 19:14 24:20 22:05 19:22 21:14 21:32
#Gauss 813561 463285 480133 859963 909961 524457 524457 869388 819435 696071
Size 7.69 432 4.48 8.23 8.42 4.82 4.82 8.14 7.81 6.52
FPS 476 492 332 422 422 405 539 468 414 441

PSNR 25.22 31.51 28.78 21.52 26.93 31.15 31.25 27.00 22.69 27.34
SSIM 0.764 0.942 0.908 0.614 0.839 0.925 0.926 0.796 0.655 0.819
LPIPS 0.239 0.182 0.187 0.334 0.157 0.126 0.191 0.224 0.324 0.218
OMG-XL Train 20:43 21:54 26:21 22:09 20:23 24:56 22:37 20:22 22:33 22:26
#Gauss 864124 450246 507473 922061 953050 547636 493754 920589 885229 727129
Size 8.15 422 4.72 8.81 8.82 5.02 4.58 8.59 8.44 6.82
FPS 430 465 324 379 422 397 512 435 384 416

Table 14: Per-scene results evaluated on the Tank&Temples [31] and Deep Blending [23] datasets.

Method  Metric | Tank&Temples Deep Blending

| Train  Truck Avg. | drjohnson  Playroom  Avg.

PSNR 21.78 25.25 23.52 29.37 30.18 29.77
SSIM 0.806 0.878 0.842 0.905 0.910 0.908
LPIPS 0.233 0.144 0.189 0.253 0.253 0.253
OMG-M  Train 12:12 11:30 11:51 17:18 14:51 16:05
#Gauss | 303187 257649 330418 | 520385 404237 462311
Size 2.95 3.49 3.22 4.87 3.82 434
FPS 861 913 887 829 959 894
PSNR 21.85 25.36 23.60 29.44 30.32 29.88
SSIM 0.811 0.881 0.846 0.907 0.912 0.910
LPIPS 0.225 0.136 0.181 0.247 0.247 0.247
OMG-L  Train 12:12 11:39 11:56 17:39 14:58 16:19
#Gauss | 369440 442359 405900 | 627868 485329 556599
Size 3.58 428 3.93 5.86 4.55 5.21
FPS 760 780 770 745 874 810
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