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Figure 1. Our method, Faster-GS, substantially accelerates training and reduces GPU memory (VRAM) usage compared to the original
3DGS algorithm [35] without altering quality or number of Gaussians (left). Averaged over all Mip-NeRF360 scenes on an RTX 4090 GPU
(right), we train 4.1× faster with 30% less VRAM than 3DGS. On the Deep Blending dataset (not depicted), the speedup is more than 5.2×.
We also outperform improved implementations from prior works [24, 54, 63]. †Baseline modified to keep quality/#Gaussians unchanged.

Abstract

Recent advances in 3D Gaussian Splatting (3DGS) have
focused on accelerating optimization while preserving re-
construction quality. However, many proposed methods en-
tangle implementation-level improvements with fundamental
algorithmic modifications or trade performance for fidelity,
leading to a fragmented research landscape that complicates
fair comparison. In this work, we consolidate and evaluate
the most effective and broadly applicable strategies from
prior 3DGS research and augment them with several novel
optimizations. We further investigate underexplored aspects
of the framework, including numerical stability, Gaussian
truncation, and gradient approximation. The resulting sys-
tem, Faster-GS, provides a rigorously optimized algorithm
that we evaluate across a comprehensive suite of benchmarks.
Our experiments demonstrate that Faster-GS achieves up to
5× faster training while maintaining visual quality, estab-
lishing a new cost-effective and resource efficient baseline
for 3DGS optimization. Furthermore, we demonstrate that
optimizations can be applied to 4D Gaussian reconstruction,
leading to efficient non-rigid scene optimization. Source
code available at: https://github.com/nerficg-
project/faster-gaussian-splatting

1. Introduction

In their seminal work on 3D Gaussian Splatting (3DGS) [35],
Kerbl et al. introduce a scene representation and novel view
synthesis framework that unifies the strengths of classi-
cal point-based rendering [100] with gradient-based opti-
mization techniques from differentiable volumetric render-
ing [56].

Owing to its remarkable combination of visual fidelity
and real-time performance, 3DGS rapidly became the domi-
nant approach for novel view synthesis and inspired a broad
range of subsequent research in computer vision and com-
puter graphics [49, 55, 76, 84], as well as interest in domains
such as digital film production [60]. The extensive adop-
tion underscores the importance and impact of cost-effective
reconstructions, the central theme of this paper.

The sustained momentum of this research area can par-
tially be attributed to the rapid emergence of numerous exten-
sions addressing specific aspects of the original formulation,
including anti-aliasing [95], densification [37, 66], compres-
sion [1], rendering approximations [23, 63], and improve-
ments in inference speed and scalability [15, 36, 45, 54, 71].
Notably, recent performance-oriented variants achieve high-
quality reconstructions within minutes, even on consumer-
grade hardware, further accelerating research and experi-
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mentation in this field. However, the rapid pace of progress
also poses a practical challenge: the continuous influx of
improvements often outpaces the ability to integrate and
evaluate them cohesively when developing new methods.

Our work is motivated by two main observations: First,
recent research on 3D Gaussian Splatting (3DGS) has led
to a fragmented landscape of extensions and optimizations,
making it increasingly difficult to assess the upper bound of
achievable performance when integrating all available net-
positive contributions. This issue is particularly evident for
training performance, where the goal is to reduce optimiza-
tion time while maintaining the reconstruction quality of the
original 3DGS method [35]. Advances in this domain are
often tightly integrated with more fundamental modifications
to the algorithm or underlying representation [23, 63]. Other
improvements, in contrast, have been developed primarily
for inference (i.e., novel view synthesis rendering) [15, 71],
although parts of these techniques could, in principle, be
adapted for training, which we demonstrate in this work.

Second, while community-driven frameworks such as
gsplat [93] have made significant progress toward extensi-
ble and modular implementations that facilitate fundamental
modifications to the algorithm [30, 83], this hinders the inte-
gration of performance optimization targeting the original
pipeline [35, 100], revealing a gap in the research landscape.

Our work aims to provide a solution to the core prob-
lem implied by these observations, i.e., the lack of an up-
dated 3DGS baseline regarding training performance. Thus,
in this paper, we both survey the 3DGS follow-up works
for performance improvements as well as integrate novel
improvements. We evaluate their efficiency and integrate
them into a new, optimized 3D Gaussian Splatting frame-
work (cf . Fig. 1). Specifically, we observe that most re-
cent approaches aim to reduce memory accesses on the
GPU through fewer duplicated Gaussians during differen-
tiable rasterization [24, 63, 79], reduced memory accesses
during sorting [71], or memory-efficient thread-to-workload
setups [15, 54], all with varying degrees of effectiveness. Ad-
ditionally, several works report performance gains through
kernel fusion, where multiple computational stages are com-
bined into a single pass [17, 23, 54].

Beyond integrating, comparing, and evaluating these es-
tablished techniques, we reveal and introduce methods to
further decrease memory access costs by leveraging mem-
ory coalescence, which improves cache locality and band-
width utilization. We apply all optimizations to the training
schedule of 3DGS and showcase a speedup of up to 5×
in training speeds, resulting in an average reconstruction
time of 163 seconds for the 3DGS benchmark [35] with full
quality and all Gaussians. We specifically exclude lower-
precision and hardware-level optimizations [44, 45], pruning
strategies [24], dense Gaussian initialization [41], or feed-
forward pipelines [6, 34] as they fundamentally change re-

sults, whereas our aim is to retain compatibility with the
original widely-used CUDA-based differentiable rasteriza-
tion pipeline [35].

We further showcase the effectiveness of this work and
its potential impact on future 3DGS-based research by ex-
tending our implementation to multi-dimensional Gaussians
(4D) for dynamic scene reconstruction based on the work by
Yang et al. [90]. We make the following key contributions:
• A comprehensive survey, discussion, and evaluation of

3DGS training optimization strategies, providing a com-
parative analysis of previously published improvements.

• Novel performance optimizations that exploit memory co-
alescence and fuse gradient computations and parameter
updates, significantly accelerating training without com-
promising reconstruction quality.

• The introduction of Faster-GS, an integrated and state-of-
the-art 3DGS training pipeline that consolidates all effec-
tive techniques for real-time performance.

Our full implementation, including code/scripts for the pre-
sented experiments, are available on our project page. Apart
from a plug-and-play solution for existing 3DGS methods, it
provides a testbed designed to facilitate future research and
fair comparison within this rapidly evolving domain.

2. Preliminaries and Related Work

2.1. 3D Gaussian Splatting (3DGS)
To model a scene, 3DGS [35] uses a set of unnormalized 3D
Gaussian point primitives, each of which is defined by its 3D
mean µ, anisotropic 3D covariance Σ, and a scalar opacity
o ∈ (0, 1). Additionally, each primitive is equipped with
a set of spherical harmonics (SH) coefficients to represent
view-dependent color changes. In practice, 3DGS uses coef-
ficients up to degree three ĉ ∈ R3×16 that can be evaluated
for a given viewing direction to obtain an RGB color c.

Rendering. To render a Gaussian, 3DGS first transforms
relevant Gaussian parameters to camera space and employs
splatting [100] to obtain a 2D Gaussian in screen space.

µ2D =

(
fxµ̂x

µ̂z
+ cx

fyµ̂y

µ̂z
+ cy

)
, with µ̂ = W (µx, µy, µz, 1)

⊤ (1)

Σ2D = JW1:3,1:3ΣW
⊤
1:3,1:3J

⊤, J =

(
fx
µ̂z

0 − fxµ̂x

µ̂2
z

0
fy
µ̂z

− fyµ̂y

µ̂2
z

)
(2)

where W ∈ R4×4 the transformation from world to cam-
era space, J ∈ R2×3 the affine approximation of the per-
spective projection, and fx, fy, cx, cy the intrinsic camera
parameters, i.e., focal lengths and optical center in screen
coordinates. The result is a 2D Gaussian that can, after
truncation (Kerbl et al. [35] use ≈3.33σ), be rasterized and
evaluated at any pixel position x ∈ R2×1 efficiently, yielding
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a transparency value α for blending:

α = o · e− 1
2 (x−µ2D)

⊤Σ−1
2D (x−µ2D). (3)

Pixel colors are computed by alpha-blending all N fragments
in each pixel in front-to-back order:

C =

N∑
i=1

αiTici + TNcbg with Ti =

i−1∏
j=1

(1− αj), (4)

where cbg is an arbitrary background color. As an approxi-
mation to exact but prohibitively slow per-pixel sorting [63],
3DGS employs approximate, object-level sorting, where 3D
Gaussians are sorted based on µ̂z prior to rasterization.

Activation Functions. To ensure stable, gradient-based
optimization, 3DGS employs activation functions for all pa-
rameters except µ. Opacity is constrained to lie in (0, 1) by
applying a Sigmoid activation and the view-dependent color
c is clipped to be positive. To ensure Σ is a valid covariance,
i.e., positive semi-definite, 3DGS optimizes separate scaling
and rotation components from which Σ is computed during
rendering using Σ=RSS⊤R⊤, where R is a 3D rotation ma-
trix and S is a diagonal scaling matrix. R is optimized as a
quaternion that is normalized before rendering. Furthermore,
so that the scales of the 3D Gaussian remain positive, the ex-
ponential function is used as an activation prior to rendering.
Mathematically, this means S stores the standard deviations
of the 3D Gaussian along the principal axes defined by R,
i.e., the three eigenvectors of Σ.

Optimization Schedule and Hyperparameters. Starting
from a sparse point cloud or random initialization, Kerbl et
al. [35] introduce adaptive density control (ADC), a set of
carefully tuned heuristics for cloning, splitting, and pruning
Gaussians during optimization. Specifically, 3DGS tracks
the magnitude of the µ2D gradients during training for all
Gaussians and clones or splits Gaussians at regular inter-
vals. Note that this growing set of Gaussians causes memory
fragmentation, slowing down optimization in later iterations.

The training schedule and hyperparameters Kerbl et al.
provided with the initial code release have mostly remained
unchanged in follow-up work. Models are trained for 30000
iterations, in each of which an image is rendered from a
randomly sampled training viewpoint and compared with
the ground truth image, with losses as a combination of L1
and D-SSIM and parameter updates with Adam [39]. For a
full breakdown of the schedule, see Sec. A.

An important change that has been integrated into the
official 3DGS codebase of Kerbl et al. [35] since the initial
release is a change in the opacity learning rate, which was
halved from 0.05 to 0.025 following Mallick et al. [54].
This change affects the number of Gaussians created during
optimization, with the new, lower learning rate leading to
slightly cleaner reconstructions with fewer Gaussians.

2.2. Improvements and Follow-up Works

Rendering. At the heart of the original 3DGS algorithm
and implementation by Kerbl et al. [35] is a tile-based, dif-
ferentiable software rasterizer implemented in C++/CUDA.
To reduce overhead, extensions for computing tight bound-
ing boxes and exact splat/tile intersections have been pro-
posed [24, 63, 79]. A major effort has also been on reducing
approximations and artifacts in 3DGS rendering by moving
to ray-based evaluation schemes [23, 57, 74, 96] or proper
volumetric rendering [3–5, 12] to avoid distortion artifacts
tied to the original splatting approach [32], improving blend-
ing accuracy at the pixel level [23, 29, 38, 63], and suitable
anti-aliasing strategies [72, 95]. Other works focus on im-
proving performance specifically during inference, e.g., to
speed up rendering when the number of primitives is high
by devising optimized pipelines for sorting Gaussians [71],
or improving the underlying data access patterns and control
flow [15, 22]. Complementary to these approaches, several
works target architecture-level optimizations and use hard-
ware acceleration [44, 45, 87], which trade configurability
and numerical precision for performance. Recent work also
investigates efficient rendering on HMDs through foveated
rendering [17, 77].

Optimization. During optimization, subsequent works im-
prove the original algorithm by analyzing and enhancing the
underlying densification heuristics [14, 19, 66, 94], distribut-
ing Gaussians based on anchor points [50], integrating prob-
abilistic models [37], or fully replacing densification in favor
of dense initialization [41]. An equally important aspect
of optimization is avoiding excessive growth in the number
of Gaussians, e.g., by pruning obsolete Gaussians [18, 59]
or by reducing the number created during optimization in-
directly by repeatedly reducing the opacity of each Gaus-
sian [63]. Other work addresses challenges commonly asso-
ciated with real-world data, e.g., camera lens distortions [83],
dynamic distractors [68], and textureless regions and light-
ing variations, which can be resolved through depth reg-
ularization [11] and decoupled appearance modules [47].
Recent works also investigate alternatives for updating the
Gaussian parameters during training by extending the Adam
optimizer [39] to account for visibility [54] or by replac-
ing it with second-order optimization algorithms [33, 43].
Furthermore, adaptive Gaussian scheduling [10] improves
optimization speeds and feed-forward methods rely on large,
pretrained models to fully avoid per-scene optimization and
reduce reliance on dense input images [6, 9, 34, 73, 75, 85].

Representation and Applications. Efficiency and portabil-
ity, especially to allow for the reconstruction of larger scenes
also recently gained interest. Approaches in this area rea-
son about the importance of Gaussians and their attributes to
adjust how they are stored [1] and loaded [99], or apply level-
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of-detail techniques to enable fast and high-quality rendering
of large scenes [36, 42, 65, 81, 88]. Significant effort has also
been invested in extending 3DGS to non-rigid, i.e., dynamic
scenes [31, 51, 80, 82, 86, 89, 90], efficient editing of trained
models [8, 52, 71], and meshing [7, 20, 21, 30, 64, 96, 97].
Beyond the original 3D Gaussian-based representation, there
are also multiple works that build on the underlying pipeline
proposed by Kerbl et al. [35], but use different primitives to
e.g. improve surface reconstruction [30, 92], the represen-
tation of sharp edges [26, 27, 48, 78], or enable exact, i.e.,
overlap-aware volumetric rendering [53].

GPU Optimization. In this work, we exploit various GPU
optimization techniques to accelerate training, which allows
us to achieve significant speedups over previously intro-
duced techniques. GPUs follow a SIMT (single-instruction
multiple-threads) compute paradigm with individual small
kernels, which is computationally fast due to the high amount
of parallelism in the system [28]. Kernel efficiency is com-
monly determined by the highest throughput. Typically, ker-
nels are either memory-bound (spending most of their time
waiting for or fetching data) or compute-bound, where the
arithmetic instructions take the majority of the time. Based
on this, different optimization techniques can be used, such
as exploiting GPU shared memory to allow multiple threads
to load and access data efficiently and share costs. For details,
see the comprehensive survey of Hijma et al. [28].

3. Method
We introduce a high-performance 3DGS optimization frame-
work, Faster-GS, which follows the same paradigm as the
original method [35] with significant speed increases. We
first describe the scope and basis for this work (Sec. 3.1),
then consolidate and review recent optimization techniques
for 3DGS (Sec. 3.2), and integrate further improvements
(Sec. 3.3). Lastly, we present easy integration into 4D Gaus-
sian Splatting (Sec. 3.4).

3.1. Scope and Basis

Gaussian Splatting Performance. Rendering splats with
large screen space extensions involves scattered memory
writes and is a common performance issue compared to,
e.g., pixel-sized splats [16, 67, 70]. Kerbl et al. [35] cir-
cumvent this problem by using a tile-based software ras-
terizer, which splits the image-plane into 16×16 tiles and
intersects the bounding box of each splat with them, dupli-
cating Gaussians for later stages into per-tile splat lists while
streamlining memory. Processing the splat lists is severely
memory-bound, especially due to the high number of floats
necessary for each Gaussian (see Sec. 2.1), which need to
be loaded. As such, reducing memory and memory accesses
is the predominant way to accelerate 3DGS optimization,
which we will discuss in the following sections.

Scope of this Work. Our objective is to adhere closely to the
original 3DGS optimization and outcomes, facilitating easy
integration into existing works as well as prevalent frame-
works [35, 46, 93]. We avoid extensive pruning or culling
during reconstruction, which can enhance performance; how-
ever, it incurs (minimal) quality losses [14, 18, 24, 63]. Ad-
ditionally, we avoid compression, as it requires a careful
trade-off between quality and compute [1]. However, while
outside the scope of this work, further integration of pruning
or compression should greatly increase speeds further [24].

Basis Implementation. For a clean testbed and open-source
version, we developed a refactored 3DGS implementation
with several improvements aimed at enhancing numerical
stability, efficiency, and modularity. In particular, using
front-to-back alpha blending for the backward pass (Eq. (4))
removes the need for division-by-zero checks, and refined
handling of degenerate quaternions of Gaussian covariances
stabilizes gradients. Furthermore, explicit handling of µ2D
gradients and visibility masks reduces VRAM overhead. For
further details, see Sec. B.1. This basis version increases
performance by about 15% compared to Kerbl et al. [35].

3.2. A Survey of Recent Improvements

In the following, we compile and group techniques from
recent 3DGS literature to address memory bottlenecks, en-
suring no negative impact on reconstruction quality. We
highlight required contributions to the training pipeline and
integrate minor novel optimizations in them.

Splat Bounding. The splatting algorithm of Eqs. (1) and (2)
results in a 2D Gaussian on the image plane. 3DGS skips all
fragments created during rasterization where α (see Eq. (3))
is below τα = 1/255. This corresponds to truncating the
Gaussian at roughly 3.33σ and allows bounding the relevant
area of the splat with a 2D ellipse. As efficient tile-based
rendering requires creating per-tile lists of all contributing
splats, the bounding box of this 2D ellipse is of interest. In
3DGS, Kerbl et al. use a square-shaped bounding box, which
– as previously discussed by Radl et al. [63] – underestimates
the size of this bounding box for opaque, axis-aligned splats.
This is because each splat is bound with an axis-aligned
square around the circle with radius 3σ instead of 3.33σ,
the value corresponding to τα. A natural improvement used
in prior works [24, 63, 79] is to bound the splats with an
axis-aligned rectangle instead of a square, where the center
of the rectangle is at µ2D and its half-extents are given by√

Σ2D1,1
and

√
Σ2D2,2

respectively.
The opacity o of the Gaussian can also be factored in by

multiplying −2 ln(τα/o) with the radicand before applying
the square root. This factor follows from setting Eq. (3) equal
to τα and solving for the numerator of the exponent. This
full, opacity-aware formulation leads to a notable decrease
in false positives included in each per-tile splat list.
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Tile-based Culling. While the aforementioned tight rect-
angles are the optimal axis-aligned bounding box, they can
still overestimate tile intersections for some splats. To elimi-
nate this remaining overhead, Radl et al. [63] and Hanson et
al. [24] propose algorithms for efficiently computing what
tiles each ellipse overlaps with. Hanson et al. iterate over
the shorter side of the bounding rectangle and determine
the first and last tile a splat may overlap with in each row/
column, which minimizes the number of computations but
may cause warp divergence when the rectangle sizes are very
different. In contrast, Radl et al. implement a load-balanced
approach for checking all tiles inside the bounding rectangle
by computing the point where the value of the Gaussian is
maximal for each tile. For our implementation, we select the
approach by Radl et al. as we determined it to be faster due
to the simpler control flow and added load balancing, but
note that the two approaches are not mutually exclusive.

Sorting. To create the per-tile splat lists used for the tiled
rasterization approach, 3DGS writes key/value pairs for
each tile/Gaussian pair. The original implementation uses
64-bit keys, where the most significant 32 bits indicate the
tile index and the 32 least significant ones contain the bits
of µ̂z , i.e., depth information. After writing these key/value
pairs to a large buffer, they are sorted using a single radix
sort to obtain depth-sorted lists of splats for each tile. Recent
work by Schütz et al. [71] shows that separating this sorting
step into two stages, one to establish depth ordering and
a second to obtain per-tile lists, reduces VRAM usage as
well as the total time spent on sorting. Note that this change
requires using a stable sorting algorithm, e.g., radix sort. See
Sec. B.2 for details.

Per-Gaussian Backward. In the original 3DGS imple-
mentation, by far the most expensive operation in terms of
runtime is the backward pass computing the alpha blending
gradients. This is because each splat may contribute to an
arbitrary number of pixels, which introduces the need for
using atomic operations for accumulation. As explored by
Durvasula et al. [13], this is computationally suboptimal,
which they solve through custom atomic functions.

Recent work by Mallick et al. [54] avoids this problem
by parallelizing over Gaussians instead of pixels in the back-
ward pass, which reduces the number of required atomic
operations by a factor equal to the number of pixels in each
tile, i.e., 256 as usually a tile size of 16×16 pixels is used for
3DGS. For efficiency, they store the alpha blending state at
each non-empty pixel after every 32nd splat in the respective
tile list during the forward pass. While this approach speeds
up training significantly by addressing a major bottleneck, it
is the only addition that increases VRAM usage.

We integrate and improve the design of Mallick et al. [54]
by exploiting shared memory to further reduce memory costs
and reduce overall VRAM allocations (see Sec. B.3).

Rasterization Kernel Fusion. While the PyTorch-based
frontend of the original 3DGS implementation makes it very
flexible and easy to extend, most instructions are set up
as non-fused, individual CUDA kernels, which frequently
have to load and store buffers. Two methods for mitigating
this are employed: First, prior works [23, 54] skip the con-
catenation of the two SH coefficient buffers (3DGS stores
these separately to allow for different learning rates of the
view-independent and view-dependent bands) and pass these
buffers separately to the rasterization backend. This fuses the
concatenation into the rasterization kernel and has positive
effects on performance (see Sec. 4). Second, we fuse the
activation functions for the scales, rotations, and opacities
of the Gaussians into the rasterizer to avoid any PyTorch-
related overhead. This is already commonly used to speed
up inference rendering [23, 71] and for training we can also
fuse the gradient computations required for added benefits.

3.3. Refining Optimized Implementations

Integrating the previously surveyed optimizations results in a
strong reduction in memory costs and improved performance.
We further investigate optimization techniques, adapting this
optimized baseline.

Parameter Updates. As we will show in our experiments, a
surprisingly expensive part of the training pipeline is the op-
timizer steps, which adjust each Gaussian’s parameters. We
find that the main performance issue with the original 3DGS
implementation w.r.t. to the optimizer originates from the
use of a non-fused Adam update routine. Recent versions of
PyTorch allow users to avoid this by passing fused=True.
A slightly faster alternative involves using FusedAdam from
the NVIDIA apex library as a drop-in replacement.

However, for further increased performance, we develop
our own Adam implementation in which we precisely match
the behavior of the PyTorch implementation while optimiz-
ing away all unnecessary overhead. It fully exploits the
fusion of the kernel into CUDA, together with fast math oper-
ations and fewer overall instructions through fused-multiply
additions, further accelerating the optimization.

Locality-preserving Densification. Through the strong
reduction of memory costs, we find that memory layout
becomes a throttling factor. During densification, new Gaus-
sians are added at the end of the parameter buffers, which
causes spatially close Gaussians to be far apart in memory,
which results in uncoalesced memory accesses, as neighbor-
ing threads need to access different parts of the memory.

To better align Gaussians, we introduce a simple addition
to training when densification is active. We regularly ap-
ply z-ordering [69] to the current set of Gaussians to ensure
neighboring Gaussians in 3D are also close inside the param-
eter buffers. This reduces warp divergence and cache misses,
resulting in faster training when scenes contain many Gaus-
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sians. While z-ordering is computationally efficient (roughly
4 ms per million Gaussians), we find that frequent applica-
tion has diminishing returns. We empirically determined
performing this step every 5000 iterations works well across
scenes. We further observe that it performs effectively only
when used with the per-Gaussian backward pass, as numer-
ous atomic operations in the original backward pass would
otherwise heighten atomic contention.

Fusing Backward and Optimizer. As we will show in
our experiments, applying all aforementioned improvements
leads to a major speedup over the original 3DGS implementa-
tion. When profiling the performance of the resulting frame-
work, we find that the GPU spends between 40% and 60% of
the total training time on the optimized Adam update routine.
To alleviate this bottleneck, we fuse the parameter updates
directly into the backward pass of the rasterization module
by first loading moments and computing all parameter up-
dates during gradient computation. This reduces VRAM
requirements (especially for large amounts of Gaussians) as
no additional buffers for the parameters are necessary. How-
ever, to maintain correctness w.r.t. the Adam step, we need
to perform parameter updates for parameters receiving a gra-
dient of zero in a given iteration, e.g., due to their Gaussian
being outside the viewing frustum. This reduces attainable
performance improvements with this fused approach.

A recent idea by Mallick et al. [54] is to skip updates
for these invisible Gaussians, which fits our fused design
exceptionally well. We see this as an optional extension for
further acceleration, however, as it can cause inconsistencies
and performance regressions compared to the original 3DGS
implementation (see our evaluation and Mallick et al. [54]).

3.4. Extension to Dynamic Scenes
Managing dynamic objects in a scene is a critical issue in 3D
reconstruction. Although these elements can occasionally
be considered distractors [68], the dynamic object, such as
a human, frequently constitutes the most relevant aspect of
a scene. We integrate our performance-optimized Gaussian
Splatting framework to support optimization of 4D Gaus-
sians based on the approach by Yang et al. [90]. A 4D Gaus-
sian is constructed analogously to a 3D Gaussian (Sec. 2.1),
with the addition of two parameters accounting for the mean
and scale along the temporal dimension. The 4D rotation is
separated into a left-isoclinic and a right-isoclinic rotation,
each represented by a quaternion. For rendering a given
timestep t, Yang et al. compute the conditional 3D Gaussian:

µ3D|t = µ1:3 +Σ1:3,4Σ
−1
4,4(t− µ4), (5)

Σ3D|t = Σ1:3,1:3 − Σ1:3,4Σ
−1
4,4Σ4,1:3. (6)

In combination with the value of the marginal distribution,
i.e., the 1D Gaussian p(t) =N (t;µ4,Σ4,4) evaluated at t,
multiplied by the result of Eq. (3), Yang et al. develop a
differentiable approach for 4D Gaussian rendering.

We integrate this approach into our optimized 3DGS
framework by adapting the data model accordingly and ex-
tending the rasterizer kernels to compute the conditional/
marginal Gaussians and the relevant gradients in the forward
and backward pass respectively. We also extend our training
schedule to match that of Yang et al., who render and propa-
gate the loss for multiple images in each training iteration.
We note that with this, the previous optimizations are directly
transferable to 4D Gaussian optimization.

4. Evaluation
We evaluate our developed framework in a comprehensive
suite of experiments with three main goals. Confirming that
the quality has not regressed relative to pertinent baselines,
examining the speed enhancements related to each addition
both individually and collectively, and analyzing the exten-
sion of our non-rigid reconstruction method.

4.1. Setup
As baselines, we compare with the official 3DGS imple-
mentation by Kerbl et al. [35], the 3DGS implementation
of Radl et al. with tight, opacity-aware bounding boxes and
load-balanced tile-based culling [63], a variant of Speedy-
Splat [24] only using the SnugBox and AccuTile features,
and the 3DGS-accel branch of the official 3DGS codebase.
The latter is effectively identical to the 3DGS implemen-
tation from Taming-3DGS [54], which uses opacity-aware
tile-based culling without load balancing, per-Gaussian back-
wards, and separate SH buffers within the rasterizer. For all
methods, we use the fused SSIM implementation by Goel et
al. as proposed in Taming-3DGS [54] during loss computa-
tion. We unify hyperparameters across all methods, which
is necessary following a recent change in the official 3DGS
codebase. Training images are uploaded to VRAM before
optimization, which is excluded from the reported training
times but included in peak VRAM. Unless otherwise noted,
all experiments were conducted on the same hardware using
a single RTX 4090 GPU. We use the standard benchmark for
3DGS methods, i.e., 13 scenes from the Mip-NeRF360 [2],
Tanks and Temples [40], and Deep Blending [25] datasets
with a 7:1 train/test split. Image quality metrics (PSNR,
SSIM, and LPIPS [98]) are computed under identical condi-
tions, i.e., with the same script, where we ensure a correct
LPIPS computation by normalizing images to [−1, 1]. We
also use pre-downscaled images for training and testing when
these are provided with the dataset [2].

4.2. Results
In Tab. 1, we show averaged results for baselines and our
implementation. As expected, all methods achieve the same
image quality and optimize to roughly the same number of
Gaussians. Note that image quality results can vary signifi-
cantly between runs, even when using the same fixed random
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Table 1. Quantitative comparisons on the Mip-NeRF360, Tanks and Temples, and Deep Blending datasets. For baselines marked with † we
enable only those contributions that do not affect quality. The three best results are highlighted in green in descending order of saturation.

Mip-NeRF360 [2] Tanks and Temples [40] Deep Blending [25]
Method PSNR↑ SSIM↑ LPIPS↓ Train↓ VRAM↓ #Gs↓ PSNR↑ SSIM↑ LPIPS↓ Train↓ VRAM↓ #Gs↓ PSNR↑ SSIM↑ LPIPS↓ Train↓ VRAM↓ #Gs↓

3DGS [35] 27.53 0.815 0.256 18m44s 8.8GiB 2.74M 23.77 0.852 0.204 11m26s 4.7GiB 1.57M 29.81 0.907 0.305 19m43s 8.1GiB 2.47M
Speedy-Splat†[24] 27.53 0.816 0.255 17m32s 7.5GiB 2.72M 23.77 0.852 0.205 10m34s 4.1GiB 1.57M 29.79 0.906 0.304 18m40s 7.1GiB 2.55M
StopThePop†[63] 27.54 0.816 0.255 16m46s 7.6GiB 2.73M 23.76 0.852 0.205 9m51s 4.1GiB 1.57M 29.83 0.907 0.304 17m47s 7.1GiB 2.55M
Taming-3DGS†[54] 27.53 0.815 0.256 10m49s 8.9GiB 2.73M 23.78 0.852 0.203 7m04s 4.9GiB 1.57M 29.81 0.906 0.305 9m01s 8.4GiB 2.47M
Basis Impl. [Ours] 27.57 0.816 0.255 15m57s 6.3GiB 2.67M 23.79 0.853 0.204 9m39s 3.4GiB 1.52M 29.74 0.907 0.304 17m15s 6.0GiB 2.52M
Ours 27.56 0.816 0.254 4m31s 6.1GiB 2.73M 23.75 0.853 0.204 3m04s 3.4GiB 1.55M 29.78 0.906 0.304 3m46s 6.0GiB 2.61M
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Figure 2. Runtime comparison for the basis and full versions of
our optimized 3DGS framework. We measure the time it takes
to compute the forward/backward pass and the optimizer step
respectively during iteration 500, 5000, and 20000 when training
four scenes from the Mip-NeRF360 dataset [2].

seed due to the interaction between floating point math and
random ordering during gradient accumulation. For some
scenes, e.g., Bonsai from Mip-NeRF360 [2], this can lead to
a major difference of up to 0.5 dB PSNR in all implemen-
tations. Thus presented image quality metrics are averaged
across five runs. The main difference between methods is
in the training time and VRAM consumption, where our
implementation outperforms all baselines significantly, by
up to 5.2× compared to 3DGS [35] and 2.4× compared to
Taming-3DGS [54] on the Deep Blending scenes. Notably,
our basis implementation also achieves strong results.

Individual Components. Starting from our basis im-
plementation, we show the isolated performance impact of
all changes in Tab. 2. We report results for the indoor and
outdoor scenes of the Mip-NeRF360 [2] separately due to
different optimization behavior. Specifically, the number of
Gaussians created during densification are a lot higher for
outdoor scenes (3.8M vs. 1.3M Gaussians on average), while
indoor scenes use images with roughly 1.5× more pixels.

Particularly impressive speedups are obtained by using
any of the three fused Adam techniques, with our implemen-
tation consistently outperforming those from PyTorch and
apex. The per-Gaussian backward pass for alpha blending
also leads to a major speedup – especially when the num-
ber of primitives is small – but at the same time is the only
change that increases VRAM usage.

We also find that the load-balanced approach for creating
Gaussian/tile instances has an increasingly negative impact
on training speed as the number of primitives increases. Note
that full tile-based culling is also affected. When analyzing
this, we found the underlying issue to be warp divergence,
where more than half of the threads in each warp are inactive
because their Gaussian is invisible from the current view-
point. While load balancing is meant to address precisely
this issue, we find that the associated uncoalesced memory
accesses are a bigger bottleneck.

We can resolve this issue by sorting Gaussians in z-order
at regular intervals during training. While this works great
for scenes with many Gaussians, it significantly slows down
training when the number of Gaussians is small due to a
massive increase in atomic contention in the alpha blending
backward pass. Specifically, threads in different tiles are
more likely to write to the same cache line, which reduces
performance as operations are serialized and cache lines are
invalidated after every write (a.k.a. false sharing). Fortu-
nately, this is much less of an issue with the per-Gaussian
backward pass enabled in our full implementation, where
omitting our repeated z-ordering during densification slows
down training across all scene subsets.

In Fig. 2, we investigate the time spent per algorithm step
and find that computing parameter updates is a significant
fraction of the runtime. We evaluate approaches for decreas-
ing this bottleneck in Tab. 3. Fusing the optimizer with the
backward pass of the rasterizer (see Sec. 3.3) provides a
small speedup and VRAM reduction over our full version
but reduces its extensibility. After integration, parameter
updates remain the main bottleneck of training. Skipping
all parameter updates for invisible Gaussians [54] or omit-
ting view-dependent SH coefficients speeds up training and
reduces VRAM usage, but it also slightly degrades quality.

GPU Comparison. We investigate the advantages of our
improved 3DGS framework across different GPUs from the
three most recent consumer-grade generations of Nvidia
GPUs. As shown in Tab. 4, newer GPUs exhibit greater
speedup, suggesting anticipated performance improvements
in upcoming hardware generations. On an RTX 5090 GPU,
training takes 163 seconds on average, a 5× improvement
over the original implementation.

18952



Table 2. Ablations on the Mip-NeRF360, Tanks and Temples, and Deep Blending datasets using an RTX 4090 GPU. Relative improvements
were computed before rounding and indicate the speedup/reduction in training time and peak VRAM usage respectively.

Mip-NeRF360 [2] - Outdoor Mip-NeRF360 [2] - Indoor Tanks and Temples [40] Deep Blending [25]
Method Training↓ VRAM↓ Training↓ VRAM↓ Training↓ VRAM↓ Training↓ VRAM↓

Basis 17m07s 6.39GiB 14m29s 6.23GiB 9m39s 3.43GiB 17m15s 6.04GiB
+ fused activations 16m19s (1.05×) 6.27GiB (0.98×) 14m00s (1.03×) 6.19GiB (0.99×) 9m19s (1.04×) 3.37GiB (0.98×) 16m25s (1.05×) 5.94GiB (0.98×)
+ separate SH buffers 15m39s (1.09×) 5.72GiB (0.89×) 14m10s (1.02×) 5.99GiB (0.96×) 9m13s (1.05×) 3.13GiB (0.91×) 16m31s (1.04×) 5.57GiB (0.92×)
+ rectangular AABBs 16m52s (1.02×) 6.39GiB (1.00×) 13m58s (1.04×) 6.16GiB (0.99×) 9m17s (1.04×) 3.38GiB (0.99×) 16m44s (1.03×) 5.97GiB (0.99×)
+ rect. AABBs w/ opacity 16m46s (1.02×) 6.38GiB (1.00×) 13m47s (1.05×) 6.12GiB (0.98×) 9m13s (1.05×) 3.36GiB (0.98×) 16m44s (1.03×) 5.92GiB (0.98×)
+ load-balanced instancing 17m10s (1.00×) 6.40GiB (1.00×) 14m22s (1.01×) 6.23GiB (1.00×) 9m35s (1.01×) 3.42GiB (1.00×) 17m07s (1.01×) 6.04GiB (1.00×)
+ full tile-based culling 16m53s (1.01×) 6.39GiB (1.00×) 13m40s (1.06×) 6.11GiB (0.98×) 9m11s (1.05×) 3.35GiB (0.98×) 16m43s (1.03×) 5.89GiB (0.97×)
+ separate sorting 16m56s (1.01×) 6.33GiB (0.99×) 14m05s (1.03×) 6.12GiB (0.98×) 9m34s (1.01×) 3.36GiB (0.98×) 16m58s (1.02×) 5.90GiB (0.98×)
+ per-Gaussian backward 14m14s (1.20×) 7.69GiB (1.20×) 7m52s (1.84×) 7.84GiB (1.26×) 6m56s (1.39×) 4.49GiB (1.31×) 10m27s (1.65×) 8.36GiB (1.38×)
+ fused Adam (PyTorch) 14m03s (1.22×) 6.42GiB (1.00×) 13m40s (1.06×) 6.23GiB (1.00×) 8m40s (1.11×) 3.42GiB (1.00×) 15m22s (1.12×) 6.05GiB (1.00×)
+ fused Adam (Apex) 13m12s (1.30×) 6.41GiB (1.00×) 12m59s (1.12×) 6.22GiB (1.00×) 8m02s (1.20×) 3.42GiB (1.00×) 14m38s (1.18×) 6.04GiB (1.00×)
+ fused Adam (Ours) 12m50s (1.33×) 6.40GiB (1.00×) 12m55s (1.12×) 6.23GiB (1.00×) 7m55s (1.22×) 3.42GiB (1.00×) 14m32s (1.19×) 6.04GiB (1.00×)

Full w/o z-ordering 5m52s (2.92×) 5.99GiB (0.94×) 3m17s (4.41×) 6.25GiB (1.00×) 3m11s (3.02×) 3.36GiB (0.98×) 3m50s (4.50×) 5.95GiB (0.98×)

Full 5m31s (3.10×) 5.99GiB (0.94×) 3m14s (4.47×) 6.29GiB (1.01×) 3m04s (3.14×) 3.39GiB (0.99×) 3m46s (4.58×) 5.96GiB (0.99×)

Table 3. Integrating the optimizer step into the backward pass
results in a minor speed enhancement. Avoiding updates for non-
visible Gaussians or excluding view-dependent spherical harmonics
(SH) affects quality. Results are averaged over the five outdoor
scenes from the Mip-NeRF360 dataset [2].

PSNR↑ Train↓ VRAM↓ #Gs↓

Full 24.72 5m31s 6.0GiB 3.87M
+ fused updates 24.73 5m04s 5.6GiB 3.89M
+ fused updates (skip invisible) 24.59 3m03s 5.1GiB 3.34M
+ fused updates (SH degree=0) 24.38 2m24s 3.2GiB 3.85M

Table 4. Training time across all 13 scenes with different GPUs.

RTX 3090 RTX 4090 RTX 5090

3DGS [35] 23m46s 17m46s 13m05s
Ours (Full) 6m03s (3.9×) 4m10s (4.3×) 2m43s (4.8×)

Table 5. Comparison with the reference implementation [90] for our
extension to 4D Gaussians on the synthetic D-NeRF dataset [62].

PSNR↑ SSIM↑ LPIPS↑ Train↓ VRAM↓ #Gs↓

Yang et al. [90] 31.52 0.960 0.051 18m09s 1.9GiB 0.83M
Ours 31.79 0.960 0.051 6m22s (2.8×) 1.2GiB 0.79M

4.3. Dynamic Scenes

To evaluate our extension to 4D reconstruction (see Sec. 3.4),
we compare our implementation against the reference imple-
mentation by Yang et al. [90] on the eight synthetic scenes
from the D-NeRF [62] dataset. All scenes are trained and
evaluated at the native dataset resolution of 800×800 pixels
using the provided train/test splits. Note that we use one con-
sistent set of hyperparameters across all scenes: We initialize
with 100K random points, use the standard view-dependent
color parametrization from 3DGS (SH up to degree three),
and train for 30000 iterations with a batch size of four. The
results in Tab. 5 show that our speedup for standard 3DGS
translates to the dynamic scene reconstruction setting as our

improved implementation trains up to 3× faster while us-
ing less VRAM and maintaining quality. See Sec. C.5 for
additional quantitative comparisons on real-world data.

5. Discussion, Limitations, and Future Work

Our optimized framework significantly accelerates Gaussian
Splatting and we find that the remaining bottlenecks are tied
to the computation of parameter updates. This motivates the
integration of second-order optimization algorithms [33, 43]
or more compact view-dependent appearance representa-
tions [91], which we leave as future work. We also high-
light that further optimizations, e.g., fusing the forward and
backward passes [61] or mixed precision training [58], are
possible but will come with a tradeoff between simplicity,
robustness, and optimal performance. While not within the
scope of our work, we present results for integrating state-
of-the-art anti-aliasing and densification techniques [37, 95]
as well as an inference-optimized rasterizer implementation
based on our testbed (see Secs. C.1 to C.3). Furthermore, our
evaluation sets aside valuable training improvements w.r.t.
to artifacts [63], controllability [54], and informed pruning
techniques [24] that could be added in the future.

6. Conclusion

In this paper, we surveyed recent 3DGS follow-up works
for performance improvements and systematically evaluated
their effectiveness. We further integrate memory-efficient
adaptations to arrive at a new, optimized Gaussian Splat-
ting framework, Faster-GS, that trains 3D and 4D Gaussian
scenes up to 5× faster than prior work. Furthermore, we
reduce VRAM requirements by up to 30%, making our
approach especially cost-effective and feasible to use on
lower-end hardware. Ultimately, our framework enables full
3DGS reconstruction in less than two minutes. With its code
release, we hope to significantly accelerate future Gaussian
Splatting-based view synthesis research.
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[69] Markus Schütz, Bernhard Kerbl, and Michael Wimmer. Ren-
dering point clouds with compute shaders and vertex order
optimization. Comput. Graph. Forum, 40(4):115–126, 2021.
5
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