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Abstract

3D Gaussian Splatting (3DGS) has emerged as a power-
ful technique for novel view synthesis, demonstrating re-
markable capability in high-�delity scene reconstruction
through its Gaussian primitive representations. However,
the computational overhead induced by the massive num-
ber of primitives poses a signi�cant bottleneck to train-
ing ef�ciency. To overcome this challenge, we propose
Group Training, a simple yet effective strategy that orga-
nizes Gaussian primitives into manageable groups, opti-
mizing training ef�ciency and improving rendering qual-
ity. This approach shows universal compatibility with ex-
isting 3DGS frameworks, including vanilla 3DGS and Mip-
Splatting, consistently achieving accelerated training while
maintaining superior synthesis quality. Extensive experi-
ments reveal that our straightforward Group Training strat-
egy achieves up to 30% faster convergence and improved
rendering quality across diverse scenarios. Project Web-
site: https://chengbo-wang.github.io/3DGS-
with-Group-Training/.

1. Introduction

Novel view synthesis (NVS) is a pivotal technology in
various domains, such as virtual reality [11], augmented
reality [34], and autonomous driving [36]. Recently,
3D Gaussian Splatting (3DGS) [12] achieved signi�cant
success in NVS due to its real-time [15, 29, 37], high-
quality rendering [2, 20]. This high-quality rendering is
made possible by using millions of Gaussians [3], each
includes a complex set of attributes, namely, position,
size, orientation, opacity, and color. These attributes are
optimized via multi-view photometric losses.

� Motivation. However, 3DGS also introduces a potential
risk during training, as the exponentially growing Gaussians
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(a) Reconstruction of the �Stump�[1] scene by 3DGS[12].
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(b) Reconstruction of the �Dr. Johnson�[9] scene by Mip-Splatting[33].

Figure 1. Improvements and Illustrations of Applying Group
Training in 3DGS[12] and Mip-Splatting[33]. Grouping Train-
ing (solid line) achieves a signi�cant increase in reconstruction
speed and superior scene quality compared to baseline methods
(dashed line). In the �Stump�[1] scene, Grouping Training deliv-
ers a 28% faster reconstruction while rendering leaf details with
greater clarity. In the �Dr. Johnson�[9] scene, Mip-Splatting with
Group Training achieves a 33% reduction in reconstruction time
and effectively suppresses the generation of �oating artifacts.
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signi�cantly increase the training burden. Consequently,
a primary research focus is the development of methods
that enable rapid and cost-effective 3D scene reconstruction
without compromising the rendering performance.

During the densi�cation stage, the cyclic pruning of
Gaussians with low opacity emerges as a straightforward
yet potentially effective strategy [12, 28] for enhancing
the training ef�ciency of 3DGS. Speci�cally, in each
round, 3DGS prunes Gaussians whose opacity falls below
a designated threshold ��, which is a vital parameter that
facilitates control over the number of generated Gaussians.
However, this method has inherent limitations. If �� is
set too conservatively, the resultant acceleration will be
minimal while an excessively lenient threshold defeats the
quality of the NVS. Thus, achieving a balance between
accelerating the training and preserving the rendering
quality poses a considerable challenge.

� Intuition and contributions. Inspired by the limitations
of the cyclic pruning strategy, we propose to cache a por-
tion of the Gaussians instead of directly pruning Gaussians.
This �cache� concept can retain the �important� Gaussians
while reducing the total number of them. Therefore, we
propose a novel Group Training strategy to accelerate the
training of 3DGS. Speci�cally, (1) a portion of Gaussians
is cyclically cached during training. These cached Gaus-
sians are temporarily excluded from scene rendering and
model training, which greatly reduces the number of Under-
training Gaussians and cuts down on training time. (2)
Additionally, through cyclic resampling, the cached Gaus-
sians are reintegrated into the 3DGS model, reducing the
impact of direct pruning. (3) A crucial element of Group
Training is determining how to sample Gaussians to dis-
tinguish between under-training and cached Gaussians. A
naive sampling approach would be random sampling. In-
terestingly, we discovered that the distribution of Gaussian
opacity values in�uences both the quantity of Gaussians
generated during densi�cation and the rendering speed of
the scene. Therefore, we introduce an Opacity-based Prior-
itized Sampling method, which effectively reduces the gen-
eration of redundant Gaussians and improves the training
speed of 3DGS. Speci�cally, the main technical contribu-
tions of our work are as follows:
1. We propose a simple yet highly ef�cient training frame-

work called Group Training for 3D Gaussian Splat-
ting, which is seamlessly integrated into existing 3DGS
frameworks, including both 3DGS and Mip-Splatting.

2. Our framework signi�cantly improves the ef�ciency of
scene reconstruction and the quality of NVS.

2. Related Work
In this section, we review relevant work in novel view syn-
thesis and 3D Gaussian Splatting, followed by the distinc-
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Figure 2. PSNR and Time Performance of Pruning [12, 28]
and Group Training under Varying Hyperparameters. The
reconstructions are performed on the �Train� scene [14] using
3DGS [12] as the baseline. Left: The pruning method exhibits
substantial instability in optimizing the trade-off between recon-
struction ef�ciency and quality. The hyperparameter sensitivity
(Opacity Threshold) presents signi�cant challenges for optimal
parameter tuning. Right: Group Training demonstrates consis-
tent improvements in both reconstruction speed and quality, with
robust performance across a wide range of hyperparameter values
(Caching Ratio), enabling straightforward parameter optimization.

tion of our approach.

� NVS. NVS involves generating new views of a scene from
different viewpoints than those in the original dataset. Neu-
ral Radiance Fields (NeRF) [21] have been pivotal in NVS
for producing photo-realistic images through volume ren-
dering. Neural Radiance Fields (NeRF) have signi�cantly
advanced NVS by producing photo-realistic images via vol-
ume rendering, but they require substantial computational
resources and lengthy training due to costly MLP evalua-
tions. To overcome these limitations, methods such as voxel
grids [7], hash grids [23] and points [30] have been intro-
duced to facilitate real-time NeRF rendering.

Recently, 3D Gaussian Splatting (3DGS) [12] has
emerged as a promising alternative in the NVS �eld. Un-
like the implicit structure of NeRF, 3DGS uses rasterization
rather than ray tracing, enabling ef�cient rendering suitable
for applications requiring both speed and image quality.

� 3DGS. 3D Gaussian Splatting (3DGS) is a recent ap-
proach to high-quality, real-time novel view synthesis that
represents scenes explicitly as 3D Gaussian primitives. By
rasterizing these Gaussians into 2D splats and blending
them using �-blending [21], 3DGS produces detailed, high-
resolution outputs, making it well-suited for applications
that demand both speed and visual �delity.

The 3DGS training process involves two main stages:
�Densi�cation� and �Optimization�. During the den-
si�cation phase (0�15K iterations), Adaptive Density
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3.2. Effective and Ef�cient Sampling Strategies
Within each grouping, a subset of Gaussians is sampled
from the merged Gaussians. The simplest sampling strat-
egy is Random Sampling (RS). We propose attribute-driven
Prioritized Sampling to optimize 3DGS further.

We evaluated various attributes, including opacity and
volume-based approaches [5] and importance scores [6, 8,
26, 35] (see appendix for detailed comparisons). Among
these, Opacity-based Prioritized Sampling demonstrated su-
perior performance in both training speed and rendering
quality. As mathematically proven in Sec. 3.2.1 and 3.2.2,
opacity intrinsically governs two critical 3DGS properties,
both experimentally validated.

3.2.1. Sampling Strategy for Better Densi�cation
For any Gaussian primitive Gm projected onto the imag-
ing plane with 2D center coordinates [xm; ym], the par-
tial derivatives of loss L w.r.t the projected coordinates are
[ @L

@xm
; @L

@ym
], which govern the densi�cation criterion by:

s�
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> �grad; (3)

where �grad denotes the prede�ned gradient threshold.
We formulate the �rst fundamental property of 3DGS:

� Proposition 1. Opacity-based Effective Gaussians Den-
si�cation: Gaussian primitives with higher opacity serve as
the primary contributors to densi�cation of 3DGS.
Proof. Under our assumptions of mutual independence be-
tween Gaussian attributes and within-primitive parameter
independence, the partial derivatives are computed as:
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where om denotes the opacity of Gm, Ĉ represents the ren-
dered pixel value, and �x; �y indicate coordinate offsets
between pixels and [xm; ym]. Under the parameter mutual
independence assumptions, the [ @�x
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remain independent of om. We prove that @Ĉ
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in-
creases with higher expected value of om in appendix:
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m ]

; (6)

where c0 and �0 denote the expected color and opacity re-
spectively, and Tsaturation controls � saturation [12].

With �xed L, Eqs. (4) to (6) demonstrate that elevated
opacity distributions yield greater gradient magnitudes inh

@L
@xm

; @L
@ym

i
, thereby making such Gaussians statistically

prioritized for densi�cation. �
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Figure 5. The distribution of Gaussian attributes. The distribu-
tion of all Gaussian attributes (left) and those contributing specif-
ically to densi�cation (right) in the �Bicycle�[1] with 3DGS [12].
Top row: While the opacities are primarily concentrated around 0
and 1, the Gaussians that contribute to densi�cation are predom-
inantly situated around 1. Bottom row: The distribution of Vol-
ume. As densi�cation progresses, Gaussians with lower volume
become increasingly involved in the densi�cation process.

� Experimental Validation: Our experiments track Gaus-
sian primitives contributing to densi�cation, focusing on
opacity and volumes values. Statistical analysis of attribute
distributions during densi�cation steps (Fig. 5) reveals that
Gaussians with high opacity and small volume are the pri-
mary sources implementing Gaussian densi�cation.

Notably, insuf�cient high-opacity Gaussians increase the
photometric loss, exacerbating both under-reconstruction
and over-reconstruction [12], thereby forces redundant den-
si�cation. While small volumes can be employed as a com-
pression metric [5] in the model compression of 3D Gaus-
sian Splatting, they simultaneously drive reasonable den-
si�cation. Take into account all factors, it is advisable to
cache Gaussians with low-opacity for better gaussian den-
si�cation.

3.2.2. Sampling Strategy for Faster Rendering
During viewpoint-speci�c image synthesis in 3DGS, the
framework implements �-blending [21] through recursive
application of the compositing equation on a per-pixel.

Cp =
NX

i=1

ci�iTi; Ti =
i�1Y

j=1

(1 � �j) ; (7)

N = min

8
<

:
i 2 N+;

����
i�1Y

j=1

(1 � �j) � Tsaturation

9
=

;
; (8)
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Grouping
Iterations

Mip-NeRF360 [1] Tanks & Temples [14] Deep Blending [9] Blender [21]

PM # Size # Time # PM # Size # Time # PM # Size # Time # PM # Size # Time #

3D Gaussian Splatting� � 8.69 792 26.72 4.59 434 15.00 7.72 666 23.90 2.78 69 6.06

Group Training w/ RS 0�15K 9.51 907 26.62 5.08 496 14.60 7.64 644 21.85 2.76 63 5.66
0�30K 9.48 902 22.58 5.04 495 12.25 7.63 643 18.45 2.76 63 5.26

Group Training w/ OPS 0�15K 8.57 678 22.53 4.54 384 12.80 6.81 487 19.25 2.65 43 5.01
0�30K 8.57 679 19.56 4.55 384 10.95 6.80 487 16.85 2.64 43 4.79

Table 1. Comparison of reconstruction ef�ciency for 3DGS [12]. Group Training signi�cantly enhances reconstruction speed across all
four datasets, with the OPS strategy achieving the highest acceleration. This effect is particularly notable in complex scenes. While Group
Training with RS produces a more redundant model, the OPS strategy yields more compact models and reduced GPU peak memory usage.
� indicates that the model was retrained. PM stands for GPU peak memory allocation, with Size in MB and Time in minutes.

Grouping
Iterations

Mip-NeRF360 [1] Tanks&Temples [14] Deep Blending [9] Blender [21]

PSNR " SSIM " LPIPS # Time # PSNR " SSIM " LPIPS # Time # PSNR " SSIM " LPIPS # Time # PSNR " SSIM " LPIPS # Time #

3D GS [12] � 27.205 0.815 0.2143 � 23.142 0.841 0.183 � 29.405 0.903 0.2425 � 33.33 0.969 0.030 �
3D GS� � 27.445 0.816 0.2155 26.7 23.697 0.849 0.1764 15.0 29.586 0.904 0.2437 23.9 33.772 0.970 0.0306 6.1

Group Training
w/ RS

0�15K 27.621 0.822 0.2074 26.6 23.773 0.851 0.1703 14.6 29.185 0.901 0.2473 21.9 33.959 0.971 0.0284 5.7
0�30K 27.537 0.821 0.2157 22.6 23.703 0.848 0.1823 12.3 29.417 0.907 0.2481 18.5 33.877 0.971 0.0295 5.3

Group Training
w/ OPS

0�15K 27.582 0.820 0.2103 22.5 23.842 0.851 0.1726 12.8 29.713 0.906 0.2435 19.3 33.889 0.971 0.0292 5.0
0�30K 27.564 0.820 0.2133 19.6 23.853 0.850 0.1764 11.0 29.746 0.907 0.2450 16.9 33.808 0.970 0.0299 4.8

Table 2. Comparison of reconstruction quality for 3DGS [12]. Group Training simultaneously accelerates the 3DGS scene recon-
struction process and improves the accuracy of 3D reconstructions. Notably, Group Training with OPS achieves a notable improvement in
reconstruction quality while maintaining the highest reconstruction speed.

ting [12] and Mip-Splatting [33]. The test outcomes demon-
strate that the Group Training with OPS offers a signi�cant
reduction in training time compared to the baseline in all
scenes, while concurrently enhancing the rendering quality
of the novel view, as presented in Fig. 7.

3D Gaussian Splatting. We �rst tested the effectiveness
of Group Training based on 3DGS. The reconstruction ef-
�ciency for all scenes is summarized in Tab. 1, and Tab. 2
presents the NVS rendering quality across all scenes.

Across these scenes, Group Training consistently re-
sulted in faster reconstruction, and this speedup was more
pronounced in complex scenes. However, Group Train-
ing with RS could lead to an overabundance of redundant
Gaussian primitives in some reconstruction tasks, which
complicates subsequent operations, such as model compres-
sion [24, 25, 28]. Additionally, GPU memory usage sig-
ni�cantly increased due to this redundancy [17], as shown
in Tab. 1. In comparison to Group Training with RS, Group
Training with OPS demonstrated a more pronounced im-
provement in reconstruction speed. For the reconstruction
of all three complex scenes, the average speed increase was
about 30%. Moreover, OPS greatly reduced the generation
of redundant Gaussian primitives, leading to a smaller re-
construction model size than the original 3DGS reconstruc-
tion model in all tasks. Across all reconstruction tasks, the
model size was reduced by between 10% and 40%, result-
ing in a more compact model overall.
Mip-Splatting. We tested Mip-Splatting with Group
Training, another signi�cant variant of the Gaussian Splat-

ting model. The experimental results are presented in Tab. 3
and Tab. 4. Overall, the performance of Group Training
with Mip-Splatting was similar to 3DGS. Group Training
with RS consistently improved both reconstruction quality
and speed for Mip-Splatting but produced the highest num-
ber of Gaussian primitives during the densi�cation phase.
Group Training with OPS achieved the fastest reconstruc-
tion speed, and its reconstruction quality was nearly opti-
mal. The OPS reduced the proportion of densi�cation and
resulted in a smaller model size that was either the smallest
among the tested methods or comparable to the baseline.

Counterintuitive Findings. Our experiments reveal two
notable �ndings that challenge conventional understanding:
1. Despite producing larger model sizes, Group Training

with RS consistently improves reconstruction speed, in-
dicating that training dynamics rather than model size
dominates reconstruction ef�ciency.

2. Group Training with OPS simultaneously achieves bet-
ter reconstruction quality with reduced model size. This
demonstrates that superior performance stem from its
fundamental impact on the optimization process rather
than from model size.

4.3. Methodological Applicability

Group-Training framework fundamentally addresses accel-
erated training and rendering in 3DGS through its dataset-
agnostic improvement. Designed as a pluggable training
component, the method demonstrates dual ef�cacy in both
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Grouping
Iterations

Tanks & Temples [14] Deep Blending [9] Blender [21]

PSNR " SSIM " LPIPS # Time # PSNR " SSIM " LPIPS # Time # PSNR " SSIM " LPIPS # Time #

Mip-Splatting� � 23.749 0.860 0.1562 23.0 29.358 0.903 0.2390 35.1 33.995 0.970 0.0296 8.5

Group Training
w/ RS

0�15K 23.953 0.863 0.1504 24.6 28.929 0.900 0.2431 31.7 34.203 0.971 0.0278 9.3
0�30K 24.146 0.862 0.1598 20.4 29.392 0.908 0.2420 26.5 34.123 0.972 0.0285 8.3

Group Training
w/ OPS

0�15K 23.958 0.863 0.1519 21.7 29.665 0.907 0.2364 28.1 34.132 0.971 0.0285 8.2
0�30K 24.156 0.863 0.1559 18.2 29.788 0.908 0.2384 24.0 34.110 0.971 0.0286 7.5

Table 3. Comparison of reconstruction quality for Mip-Splatting [33]. Group Training achieves simultaneous improvements in both
speed and reconstruction quality for Mip-Splatting across all tasks. Speci�cally, Group Training with OPS attains the fastest reconstruction
speed across all three datasets and delivers the highest reconstruction quality in the Tanks & Temples and Deep Blending dataset.

Grouping
Iterations

Outdoor Indoor Average

PSNR " SSIM " LPIPS # Size # Time # PSNR " SSIM " LPIPS # Size # Time # PSNR " SSIM " LPIPS # Size # Time #

Mip-Splatting� � 24.814 0.748 0.1995 1430 43.3 31.265 0.929 0.1738 448 33.3 27.681 0.828 0.1881 994 38.8

Group Training
w/ RS

0�15K 24.969 0.757 0.1897 2017 45.9 31.266 0.931 0.1697 556 34.9 27.768 0.834 0.1808 1377 41.0
0�30K 25.216 0.763 0.1969 2017 36.8 31.164 0.929 0.1757 556 30.5 27.860 0.837 0.1875 1377 34.0

Group Training
w/ OPS

0�15K 24.981 0.754 0.1940 1571 40.7 31.417 0.931 0.1725 375 29.1 27.841 0.832 0.1844 1039 35.5
0�30K 24.984 0.754 0.1967 1571 32.9 31.407 0.930 0.1739 375 26.4 27.839 0.832 0.1865 1039 30.0

Table 4. Quantitative evaluation on the Mip-NeRF360 [1] reconstructed by Mip-Splatting [33]. For the reconstruction of outdoor
scenes, Grouping Training with RS yields a larger model size, resulting in the best reconstruction quality. Grouping Training with OPS
achieves the fastest reconstruction speed but provides sub-optimal reconstruction quality. For indoor scenes, Grouping Training with OPS
continues to offer both the fastest reconstruction speed and the highest reconstruction quality.

Cyclic
Resample

Global
Densify

Global
Optimize

Tanks &Temples

PSNR " SSIM " LPIPS # Size # Time #

3D GS� � � � 23.697 0.849 0.1764 434 15.0

Group
Training

X 23.866 0.850 0.1749 292 11.8
X X 23.769 0.849 0.1765 231 11.0
X X 23.835 0.850 0.1754 485 11.8
X X X 23.853 0.850 0.1764 384 11.0

Table 5. Ablation Study of Group Training with OPS on
Tanks & Temples [14]. Cyclic Resampling provides the most
substantial acceleration for scene reconstruction, while Global
Densi�cation further improves ef�ciency by reducing model size.
With Global Densi�cation enabled, Global Optimization enhances
the reconstruction quality of the model.

3DGS acceleration model [6] and compression model [5],
which is detailed in appendix.

4.4. Ablation Studies

We conducted an ablation study on the Tanks & Temples
dataset [14] to evaluate the impact of three key components
of the Group Training method. The detailed comparison
results are provided in Tab. 5.

The results indicate that cyclic resampling contributes
the most to improving training speed. Speci�cally, during
iterations ID�15K, the Global Densi�cation process adap-
tively performs cyclic pruning of low-opacity Gaussians
within 3DGS, reducing redundant Gaussians, decreasing
the model size, and thereby enhancing training ef�ciency.
When Global Densi�cation is enabled, the 3DGS model re-
moves most redundant Gaussians during global densi�ca-
tion, resulting in fewer redundant Gaussians in the Caching

Group during the Optimization phase. In this scenario,
Global Optimization can make full use of all Gaussians, fur-
ther improving reconstruction performance.

4.5. Discussion

Our experimental results demonstrate that enabling Group
Training and utilizing OPS improved both reconstruction
speed and quality. To better clarify these improvements,
two key questions arise from these �ndings:
� Why faster? Group Training signi�cantly accelerates re-
construction primarily by reducing the number of Under-
training Gaussian primitives, thereby decreasing the ren-
dering burden on the model. This speedup is observed
even when the �nal model size is larger than the base-
line. In alignment with our earlier analysis in Sec. 3.2, the
OPS also contributes notably to this speedup effect. Dur-
ing the densi�cation phase, Group Training with OPS pre-
serves high-opacity Gaussians within the Under-Training
Group, without which could lead to instances of both under-
reconstruction and over-reconstruction [12, 32]. These is-
sues can lead to redundant densi�cation. As a result, mod-
els reconstructed with Group Training and OPS contain
fewer redundant Gaussians, leading to smaller model sizes
and faster reconstruction overall. Additionally, OPS priori-
tizes sampling high-opacity Gaussians, which rapidly drives
� saturation, which also discussed in Sec. 3.2. Focusing
on these most impactful Gaussians reduces the number of
Gaussians needed for splatting, further enhancing training
and rendering ef�ciency.
� Why better? Group Training with the OPS prioritizes the
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Figure 7. Visual Comparison of Grouping Training and Baseline on 3DGS [12] and Mip-Splatting [33]. The Grouping Training
method accelerates reconstruction by approximately 30% while achieving more detailed and accurate scene rendering. Notable improve-
ments can be observed in the picture frame in the �Dr. Johnson� scene and the bucket handle in the �Garden� scene, where �ner details are
captured. Furthermore, Grouping Training signi�cantly reduces �oaters in Mip-Splatting, enhancing overall reconstruction �delity.

retention and optimization of high-opacity Gaussian primi-
tives. This achieves comparable or superior �delity to RS,
while signi�cantly reducing the model size. The Gaussian
primitives with higher opacity inherently have a greater in-
�uence on the �nal rendered image [5, 19, 22, 28], so em-
phasizing their optimization leads to signi�cant improve-
ments in overall rendering quality. Besides, cyclic resam-
pling temporarily excluding a randomly selected subset of
Gaussian primitives, each remaining primitive is compelled
to learn how to independently represent essential scene fea-
tures leading to a more robust representation.

In summary, by integrating these strategies, Group
Training with OPS simultaneously enhances both recon-
struction speed and rendering quality. By focusing on
the most impactful primitives and encouraging independent
feature representation, Group Training achieves ef�cient,
high-quality scene reconstruction.

5. Conclusion
This paper presents Group Training, an effective strategy
that addresses the computational challenges in 3D Gaussian
Splatting by dynamically managing Gaussian primitives in
organized groups. Through theoretical analysis and exten-
sive experiments, we demonstrate that our method not only
accelerates training by up to 30% but also improves ren-
dering quality across diverse scenarios. Our opacity-based
sampling strategy shows universal compatibility with exist-
ing 3DGS frameworks, achieving consistent improvements
without compromising model complexity. The success of
Group Training reveals the importance of dynamic primi-
tive management in 3DGS optimization, suggesting promis-
ing directions for future research, such as adaptive group-
ing strategies and dynamic sampling mechanisms for more
complex scenes. Our work provides valuable insights for
future developments in ef�cient novel view synthesis.
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