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Abstract

The recent advent of 3D Gaussian Splatting (3DGS) has
marked a significant breakthrough in real-time novel view
synthesis. However; the rapid proliferation of 3DGS-based
algorithms has created a pressing need for standardized
and comprehensive evaluation tools, especially for com-
pression tasks. Existing benchmarks often lack the metrics
needed to holistically assess the unique characteristics of
different methods, such as rendering speed, rate-distortion
trade-offs, memory efficiency, and geometric accuracy. To
addpress this gap, we introduce Splatwizard, a unified bench-
mark toolkit designed specifically for 3DGS compression.
Splatwizard provides an easy-to-use framework for bench-
marking 3DGS compression models and reusing state-of-
the-art techniques from prior work. In addition, it includes
an integrated pipeline that automates the computation of
key performance indicators, including image-based quality
metrics, Chamfer distance on reconstructed meshes, ren-
dering frame rates, and computational resource consump-
tion. Code is available on https://github.com/
splatwizard/splatwizard.

1. Introduction

With the rapid progress of computer vision, 3D reconstruc-
tion has emerged as a core research area, underpinning
downstream applications in virtual reality and embodied in-
telligence. Among various 3D representations, 3D Gaus-
sian Splatting (3DGS) [23] achieves state-of-the-art ren-
dering quality and real-time performance, enabling a wide
range of practical uses.

However, raw 3DGS scenes contain substantial redun-
dancy. A 3DGS represents a scene with millions of Gaus-
sian ellipsoids distributed in 3D space, whose projected
splats jointly capture geometry and appearance. In practice,
a single scene often requires up to 107 Gaussians, leading to
hundreds of megabytes of storage and limiting the deploy-
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ability of uncompressed 3DGS in real applications. Similar
to the need for information compression in the image and
video [3, 27, 32, 38, 39, 46, 47], this has driven the de-
velopment of numerous 3DGS compression techniques, as
summarized in Table 1. These methods introduce hetero-
geneous designs across preprocessing, rendering pipelines,
and post-processing stages, resulting in large differences in
code structure, system behavior, and implementation logic.
Consequently, they exhibit notable trade-offs in FPS, mem-
ory footprint, model size, and reconstruction quality, mak-
ing it difficult to achieve consistent evaluation or identify
universally effective improvements.

To address this issue, several works [2, 53] have at-
tempted to summarize or benchmark existing 3DGS com-
pression methods. However, these efforts largely rely on
reported results or cover only a subset of representative
techniques. In contrast, Splatwizard is designed as a ded-
icated benchmark toolkit for 3DGS compression, with uni-
fied training, encoding, decoding, and evaluation proto-
cols. This distinction is important in practice because
downstream tasks prioritize different properties. For in-
stance, streaming systems [14, 42, 58] demand extremely
low encoding and decoding latency, while robotics applica-
tions [16, 28] require high inference throughput and mini-
mal memory usage for onboard deployment.

Besides, another major limitation of existing evaluations
is the absence of geometric assessment. Geometric recon-
struction is a central problem in computer graphics, and nu-
merous recent works [0, 15, 20, 21] focus on improving the
surface reconstruction quality of 3DGS, drawing substantial
attention from the community. However, research on 3DGS
compression has so far concentrated almost exclusively on
photorealistic metrics such as PSNR and SSIM. Although
these metrics capture appearance fidelity, they overlook the
fact that 3DGS is fundamentally a three-dimensional repre-
sentation. As a result, existing evaluations fail to reveal how
compression affects the geometric integrity of the underly-
ing 3D structure.

To mitigate the aforementioned issues, we have devel-
oped a unified training and evaluation framework with three
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Method Year Std Rasterizer QAT  Entropy Model Post Pruning Compression
3DGS [23] 2023 v - - X X
Trimming the Fat [1] 2024 v - - v X
PUP-3DGS [18] 2025 v - - v X
Speedy-Splat [17] 2025 4 - - X X
LightGaussian [11] 2024 v - - v v
MesonGS [49] 2024 v - - v v
C3DGS [36] 2024 X Fake - v v
Compact3DGS [26] 2024 X RVQ - X v
HAC [8] 2024 X Noise Gaus X 4
CAT-3DGS [56] 2025 X Noise  Gaus/Laplace X v

Table 1. Comparison of representative 3DGS compression methods. “Std Rasterizer” indicates whether the method uses the standard
3DGS rasterizer without introducing a customized renderer. “QAT” denotes the quantization-aware training strategy: “Fake” refers to
fake quantization, “RVQ” to residual vector quantization, and ‘“Noise” to noise-based quantization relaxation. “Entropy Model” lists the
assumed latent distribution used for entropy coding, where “Gaus” and “Laplace” denote Gaussian and Laplace distributions, respectively.

defining properties: 1) Standardization. It defines a uni-
fied pipeline encompassing data loading, model training,
compression, and rendering evaluation, supporting repro-
ducible comparison and rapid development of new meth-
ods. 2) Decoupling. We decouple components such as ras-
terizers, entropy modules, codecs, and training schedules as
independent modules. This scheduler-based design simpli-
fies the integration of heterogeneous methods and supports
flexible composition of existing components. 3) More Met-
rics. Based on the same evaluation pipeline, we include not
only photometric quality but also Gaussian count, runtime
metrics, and geometric reconstruction accuracy, providing a
more comprehensive benchmark.
In summary, our contributions are threefold:

We propose a unified benchmark toolkit for 3DGS com-
pression, with a scheduler-based training abstraction, de-
coupled modules, and a standardized evaluation pipeline.
We reproduce existing 3DGS compression methods un-
der the proposed framework and provide a fair benchmark
with photometric, computational, and geometric metrics.
We present ChimeraGS as a case study built on Splatwiz-
ard, demonstrating that the framework enables rapid com-
position of competitive compression pipelines.

2. Related Work

The high rendering quality and flexibility of 3DGS have
motivated research aimed at improving both reconstruction
fidelity and storage efficiency. In this section, we review
related works on 3DGS and the methods proposed to com-
press and optimize the representation.

2.1. Novel View Synthesis

Novel view synthesis is a classic problem in graphics re-
search. Many works on the topic focused on image-based
rendering [ 13, 43] and Neural Radiance Fields [5, 35]. In re-
cent years, 3D Gaussian Splatting (3DGS) [23] has emerged
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as an efficient and expressive representation for novel view
synthesis and 3D reconstruction. By explicitly modeling
scenes with anisotropic Gaussians, 3DGS achieves high-
quality rendering and real-time performance, attracting ex-
tensive research attention.

Numerous works have improved the rendering pipeline
through adaptive density control [17], anti-aliasing [55] and
more realistic shading mechanisms [52]. These advances
consolidate 3DGS as a versatile representation bridging ex-
plicit geometry and neural rendering. Our framework sup-
ports various static Gaussian Splatting pipelines with dis-
tinct models and optimization objectives, providing a uni-
fied platform for evaluation and analysis.

2.2. Compression of 3DGS

Despite its rendering efficiency, 3DGS remains storage-
intensive, which has motivated a fast-growing line of re-
search on compact Gaussian representations.

Pruning-based methods [1, 11, 17, 18, 50, 57] remove
redundant or visually insignificant Gaussians by analyz-
ing opacity, gradient importance, or visibility contribu-
tion, effectively reducing both model size and rendering
cost. Quantization approaches [11, 36, 49, 50, 56] com-
press Gaussian attributes through scalar quantization, vector
quantization, or learned codebooks, helping preserve high-
frequency details under low bitrates. Distillation strate-
gies [18, 56] transfer knowledge from a high-quality teacher
model to a compact student representation. Entropy-based
compression [8, 36, 56] further reduces storage through
learned probabilistic coding of Gaussian parameters or by
applying rate—distortion optimization to balance bit us-
age and rendering accuracy. Some works also generalize
3DGS compression to a wider range of information modal-
ities [31, 60].

Although these studies have substantially advanced
3DGS compression, their implementations are often incon-



Feature / Tool GSCodec GauStudio  Ours
Evaluation Metrics P P P/G/C
Rasterizer Num 1 6 12
Compression Yes No Yes
Model Num 5 6 12

Table 2. Key differences among Splatwizard and others. Ours
provides Photometrical, Geometrical and Computational evalua-
tion on more models, while others only provide limited results.
Our framework also offers the most rasterizers (Rasterizer Num)
and compression models (Model Num). Note not all included ras-
terizers are used in the experiments of the paper.

sistent, making cross-method evaluation difficult. To ad-
dress this, our work introduces a unified framework that in-
tegrates the aforementioned techniques under a consistent
training and evaluation pipeline, facilitating reproducible
and comprehensive benchmarking for future research.

2.3. Benchmark and Tools

Unlike fully neural network-based models, the 3DGS
framework incorporates numerous components beyond
conventional neural network architectures, with the raster-
izer being a typical example. Furthermore, the inherently
complex control flow of 3DGS has generated a need for
substantial boilerplate code.

GSplat [54] serves as an open-source, efficient, and user-
friendly library that provides an efficient implementation of
3D Gaussian Splatting. GauStudio [53] serves as a frame-
work for modeling 3D Gaussian Splatting to provide stan-
dardized, plug-and-play components for users to easily cus-
tomize and implement a 3DGS pipeline. GSCodec Stu-
dio [29] focuses specifically on 3DGS compression, of-
fering a modular design for integrating and benchmarking
different compression strategies such as pruning, quantiza-
tion, and entropy coding. Beyond toolkits, 3DGS.zip [2]
provides a comprehensive survey of 3DGS compression
methods and compares their main characteristics. However,
these studies also have limitations. 3DGS.zip [2] is a sur-
vey and does not provide a benchmark toolkit or reproduced
results, while GSplat [54] mainly focuses on efficient raster-
ization and includes only one compression module.

Our work is also inspired by these studies and possesses
unique characteristics. The most representative aspect is
the design of a flexible modular mechanism, which inte-
grates over 10 different rasterizers and other modules in-
cluding entropy estimation and encoding. Furthermore,
based on a scheduler mechanism, we have implemented a
more streamlined template for Gaussian Splatting models.
Table 2 shows some differences among mentioned meth-
ods. Using this foundation, we have reproduced several
representative methods and conducted comprehensive per-
formance comparisons.
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3. Architecture

Fig. | summarizes the design of Splatwizard. Our goal is to
provide a reusable benchmark infrastructure for 3DGS com-
pression, so that new methods can be implemented under a
shared training and evaluation protocol instead of ad hoc
codebases. In the subsequent sections, we will provide a
detailed introduction to the key mechanisms and functional
modules of Splatwizard.

3.1. Dynamic and AOT Module Loading

3DGS research frequently requires customized rasterizers
and CUDA/C++ extensions [11, 12, 21, 30]. In compres-
sion settings, entropy models and encoders [8, 56] fur-
ther complicate dependencies and build procedures. To re-
duce this engineering burden, Splatwizard provides a uni-
fied CUDA/C++ integration interface based on PyTorch
extensions [37], supporting both Just-in-Time loading and
Ahead-of-Time compilation. This design lets users import
modules through a unified Python interface while the frame-
work handles compilation and dependency resolution.

Built on this mechanism, Splatwizard integrates multi-
ple rasterizers and CUDA/C++ components used by exist-
ing compression methods. As a result, heterogeneous im-
plementations can be evaluated under a consistent environ-
ment rather than isolated project setups.

3.2. Unified Pipeline

Beyond gradient updates, 3DGS training involves prun-
ing, densification, quantization stages, and other iteration-
dependent operations [23, 26]. Methods such as HAC [8]
and CAT-3DGS [56] contain multi-stage procedures that are
cumbersome to reproduce with scattered control logic. We
therefore organize training into five stages: pre-scheduler
execution, rendering, loss computation, post-scheduler ex-
ecution, and optimizer update. A general flowchart can be
referred to Fig. 1.

The scheduler executes registered tasks at designated
iterations and automatically dispatches arguments accord-
ing to task signatures [9]. This makes the training flow
explicit and keeps implementations close to their original
logic while remaining compatible with a unified benchmark
interface, which significantly reduces the difficulty of inte-
grating new methods into our framework. Listing | demon-
strates the API for task registration in the scheduler. Table 3
shows the execution plan of vanilla 3DGS as a represen-
tative example. The execution plans for more reproduced
methods are included in the Supplementary.

3.3. Function Library

Splatwizard groups reusable components into several li-

braries, as shown in Module Details columns of Fig. 1.
The Rasterizer Lib encapsulates rasterizers from stan-

dard 3DGS [23], accelerated rendering [33], reconstruction-
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Figure 1. Framework of Splatwizard. We abstract Gaussian training into a unified pipeline with a scheduler for method-specific operations.
Different rasterizers, codecs, and auxiliary modules can be plugged into different stages of the pipeline. The horizontal arrow lines in
the diagram illustrate the modules used at different stages of Gaussian training. For instance, different models employ different adaptive
density control mechanisms, and such control mechanisms can be registered into the scheduler.

Listing 1 Snippet used to register task.

class GaussianModel:
def register_pre_task(

self,
scheduler: Scheduler,
ppl: PipelineParams,

opt: OptimizationParams
scheduler.register_task(
range (opt.iterations),
task=self.update_learning_rate

Stage Task Plan
Pre update Ir range(30000)
increase SH degree range(0, 30000, 1000)
Post  collect gradient statistics range(15000)

prune and densify
reset opacity

range(500, 15000, 100)
range(0, 15000, 3000)

Table 3. Schedule plan for vanilla 3DGS. We use python style
range expression to illustrate detail execution time.

oriented variants [21, 24], and importance-aware pruning
pipelines [10, 11, 17]. Different rasterizers can therefore be
mixed within a single method when needed.

The Metrics Lib contains training losses and photomet-
ric metrics including PSNR, SSIM [44], and LPIPS [59].
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It also includes geometric metrics, namely point-cloud and
mesh-based Chamfer distance [10, 21], which are largely
missing from prior compression benchmarks.

The Codec Lib collects modules for quantization, con-
text modeling, and entropy coding. It covers representa-
tive choices used in prior work, including straight-through-
estimator (STE) and noise-based quantization, vector quan-
tization, hash-grid or triplane context models, and arith-
metic/rANS/Huffman coding. Consolidating these modules
makes it easier to analyze design trade-offs across methods.

The Reconstruction Lib converts optimized Gaussians
into explicit geometry for evaluation. Following previous
work, we render depth maps from training views and fuse
them with TSDF using Open3D [61]. This module enables
geometry-oriented benchmarking under the same frame-
work as photometric evaluation.

3.4. Model Zoo

Based on the modular design above, we reproduce main-
stream 3DGS compression methods within one codebase.
Our reproduction principle is to preserve each method’s
core logic while factoring out shared functionality into com-
mon modules. This reduces engineering discrepancies and
makes controlled comparison possible.

We also inspect reproduced implementations for issues
that can affect correctness. A representative example is
quantization boundary handling in entropy-coded models,
where improper clamping may cause unstable decoding. By
standardizing such components, Splatwizard serves both as



a benchmark and as a reliable implementation reference.

4. ChimeraGS

We use ChimeraGS as a case study to show how Splatwiz-
ard can compose modules from different methods into a
single compression pipeline. ChimeraGS combines com-
pact initialization, pruning, distillation, vector quantization,
and accelerated rendering while remaining inside the same
training and evaluation framework. Fig. 2 illustrates the
framework of our method.

4.1. Pruning Strategy

The original LightGaussian [1 1] comprises multiple stages:
pruning, distillation, and the final vector quantization en-
coding phase. Each of these stages has room for optimiza-
tion. During the pruning stage, we can adopt more aggres-
sive pruning methods and ratios to reduce the number of
Gaussian primitives. For example, we can adopt the prun-
ing strategy from PUP-3DGS [18] to significantly reduce
the number of Gaussian kernels after pruning while main-
taining comparable rendering quality. Additionally, beyond
post-processing pruning, we can directly learn a compact
Gaussian representation to replace the pruning stage. This
approach often achieves higher compression rates.

We adopt Speedy-Splat [17] to obtain a highly compact
initialization of Gaussians. Speedy-Splat utilizes a reparam-
eterized approximation of the Hessian matrix to measure the
importance of each Gaussian primitive:

U; = log \VgiIngiIgTL (D

where Ig is the rendered image. g; is the 2D projected value
of G; at pixel p, given by

T

1 _
gi = eq,q = 7§(p - Mi2D)Ei2}3 (p - Mi2D) . (2)

Since log is monotonically increasing, Equation 1 can be
further rewritten as

Ui = (Vg.Ig)*. 3)

Based on this efficient importance evaluation metric, effec-
tive pruning was achieved during the training phase.

4.2. Distillation Guided SH Pruning

LightGaussian further reduces the number of parameters
per Gaussian primitive by directly lowering the spherical
harmonic (SH) degree and then applying distillation-based
fine-tuning. This approach significantly reduces the en-
coded size. However, adopting a more aggressive strategy
during the pruning stage may create a scenario in which
simply reducing the order and then fine-tuning fails to ad-
equately compensate for the quality loss caused by the de-
gree reduction. Therefore, we adopt a dynamic pruning ap-
proach that determines, in a learnable manner, which Gaus-
sian primitives undergo order reduction.
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More specifically, we apply binary masks M € {0, 1}
to the degree-3 SH parameters of each Gaussian primitive:

&) = Myel?,

“)

3

where n is the primitive index and c;, ) denotes the degree-

3 SH parameter. During rendering, we use éf’)

(3)
cn.
Since the binary mask M is non-differentiable, we fol-
low previous works [26] and use a straight-through estima-
tor:

instead of

M, =sg(llo(my,) > c] —o(my)) +o(my), ()
where sg(-) is the stop-gradient operator, 1[-] and o(-) de-
note the indicator function and sigmoid function, respec-
tively. To eliminate redundant degree-3 SH parameters, we
introduce an additional loss:

1 N
Lo = ;a(mn)- (6)

The use of learnable masks for pruning Gaussians or
Gaussian parameters has also been explored in previous
works [26, 41]. Our main improvement here is to lever-
age distillation to further enhance performance. Follow-
ing LightGaussian [11], we use a teacher model to generate
pseudo views for supervising the student model:

(N

Edistill = HIleacher(R|t) - Istudem(R|t)||§ 5

1
HW
where Iicocher(R|t) and Iygen(R|t) are the rendered im-
ages of the teacher model and student model, respectively,
given camera rotation R and position t. The pseudo-view
position is given by:

tpseudo = tyain + N((); 0'2)7 3

where t.i, is the sampled training position, and N denotes
a Gaussian distribution with mean 0 and variance o2. The
final loss in the distillation stage is

L = Laisin + AL, )

By comprehensively applying learnable masks and
knowledge distillation, our method can mitigate the perfor-
mance loss caused by pruning, thereby improving the rate-
distortion performance of the model.

4.3. Encoding and Rendering

In the encoding phase, we adopt the vector quantization
encoder from LightGaussian. The main difference is that
we use separate codebooks for the degree-2 and degree-
3 SH parameters respectively. Since Gaussian rendering
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Figure 2. Framework of ChimeraGS. Since Splatwizard natively supports flexible module composition, we can easily combine multiple
rasterizers within the same model. The labels on the left indicate the rasterizers used in each phase.

is position-order-independent, Gaussian points can be en-
coded separately according to their SH degrees. Addition-
ally, to further improve encoding performance, we sort the
Gaussian points using Morton order before the final encod-
ing.

Since our method does not rely on a specially imple-
mented rasterizer during the rendering phase, it can be eas-
ily integrated with existing rendering acceleration schemes.
Here, we have experimented with FlashGS [12] and TC-
GS [30] respectively. Combined with the model size ad-
vantage brought by compression itself, both methods have
achieved impressive rendering speed.

5. Benchmarking

5.1. Benchmarking Setup

Our evaluation is conducted on six multi-view image
datasets: Mip-NeRF 360 [4], Tanks&Temples [25], Deep
Blending [19], BungeeNeRF [48], NeRF Synthetic [34]
and DTU. Tanks&Temples features real-world scenes with
complex geometry captured using laser scanners, while
Mip-NeRF 360 contains 9 unbounded scenes enabling 360-
degree rendering. Deep Blending provides diverse indoor
and outdoor environments, BungeeNeRF focuses on ex-
treme multi-scale scenarios, and NeRF Synthetic offers 8
photorealistic Blender-rendered scenes. For geometric eval-
uation, the DTU dataset [22] provides measurement-based
ground-truth geometry. This enables us to evaluate the re-
construction accuracy of the model, thereby providing a
more comprehensive reflection of its performance.

In terms of model selection, we evaluated all methods in
the model zoo, with specific methods detailed in Table 1.
All approaches were implemented or reproduced based on
Splatwizard, using unified evaluation protocols and consis-
tent training/testing dataset splits. Furthermore, to prevent
potential data leakage from affecting bitrate evaluation, we
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strictly isolated the models used during the encoding and
decoding phases. All included methods support encoding
complete information into a single binary file, while the de-
coding phase utilizes only a newly initialized model and the
corresponding binary file for testing.

5.2. Photorealistic Metrics Results

Fig. 3 presents evaluation results of all methods on Mip-
NeRF 360, with results on additional datasets included
in the Supplementary. Beyond the previously mentioned
PSNR, SSIM, and LPIPS metrics, we also measured bi-
trate, Gaussian count, inference rendering speed, and peak
memory usage during rendering. The figure reports cross-
comparison results of these metrics.

From the conventional rate-distortion curves, we observe
a trend: methods employing hybrid implicit neural net-
works and 3DGS generally achieve superior rate-distortion
performance, while models that combine quantization op-
erations with rate-distortion optimization also demonstrate
relatively competitive performance. However, when con-
sidering Gaussian count as the metric for bitrate, the afore-
mentioned observations may not necessarily hold.

Furthermore, comparisons of rendering frame rate and
peak GPU memory usage provide a more comprehen-
sive perspective. As expected, hybrid representation-based
models generally exhibit lower frame rates compared to
pruning-based approaches, though their impact on memory
consumption is not significant.

The proposed ChimeraGS also achieves competitive re-
sults across several dimensions. Compared to prior ap-
proaches, our method attains rate-distortion performance
closer to HAC [8], while achieving top-tier results in terms
of Gaussian count. This supports our main claim that
Splatwizard is not only useful for benchmarking, but also
for rapidly prototyping hybrid pipelines by reusing modules
from existing methods.
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Figure 3. Results of Mip-NeRF 360 dataset. Note that when counting the total number of Gaussian primitives in HAC and CAT-3DGS,
only the number of anchors is considered, and the values are not directly comparable to other methods, hence they are drawn with a dashed

line.

5.3. Geometric Metrics Results

The geometric rate-distortion results on DTU are provided
in Fig. 4. Unlike the previous section, photometric eval-
uation follows the standard novel-view-synthesis protocol,
while geometric evaluation targets reconstruction fidelity
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and therefore uses the full dataset for training. The ge-
ometric curves should thus be interpreted as measuring
scene fitting quality rather than generalization to held-out
views. Since current TSDF-based mesh reconstruction re-
lies on depth maps rendered from Gaussians, for models us-
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Figure 4. Results of DTU dataset. Here we present the PSNR, along with the Chamfer distance based on mesh and point cloud respectively.

Model Setting PSNR [dB] Size [MB]
Reported 26.67 74.65
PUP-3DGS Reproduced 26.84 79.07
Splatwizard  26.90 (+0.2%) 79.07 (< 0.1%)
Reported 26.94 -
Speedy-Splat  Reproduced 27.15 74.30
Splatwizard 27.24 (+0.3%)  75.75 (+2%)

Table 4. Representative reproduction results on Mip-NeRF 360.
“Reported” denotes numbers from the original papers, “Repro-
duced” denotes results obtained from the released codebases un-
der our rerun, and “Splatwizard” denotes the corresponding im-
plementations in our unified framework.

ing standard rasterizers we replace the renderer with depth-
enabled variants during reconstruction. Our TSDF fusion
follows the 2DGS implementation used in the supplemen-
tary code.

Compared to photo-level evaluation, we find that some
methods even achieve point cloud-level accuracy that ap-
proaches or surpasses the performance of 2DGS. This sug-
gests that compression tasks and geometric reconstruction
tasks are not entirely conflicting objectives. In the future,
we could explore integrating methods from these two spe-
cialized tasks to investigate pathways for enhancing each
other’s performance. Meanwhile, we should also note that
not every compressor can improve geometric reconstruction
quality, so the design of specific methods remains particu-
larly important.

5.4. Reproduction Details

To validate that the benchmark faithfully preserves the be-
havior of the original methods, we compare representative
methods across three settings: the results reported in the
original paper, the results reproduced from the released of-
ficial code, and the results obtained after porting the method
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into Splatwizard. We report both rendering quality and
compressed model size, since a benchmark is only useful if
it preserves the original rate-distortion trade-off rather than
matching a single metric.

Table 4 shows that the reproduced methods remain close
after being ported into Splatwizard. For PUP-3DGS, the
rendered quality and model size are nearly unchanged. For
Speedy-Splat, Splatwizard even yields a small PSNR gain
with only a minor increase in compressed size. These re-
sults indicate that the framework abstraction itself does not
materially distort method behavior.

6. Conclusion and Future Work

In this paper, we introduce Splatwizard, a dedicated bench-
mark toolkit for 3DGS compression. Splatwizard pro-
vides a unified training and evaluation pipeline, flexible
module composition, and a comprehensive function li-
brary for implementing and comparing compression meth-
ods under consistent protocols. Based on this framework,
we reproduce multiple representative methods and present
ChimeraGS as a case study showing that competitive hy-
brid pipelines can be rapidly assembled within the same
benchmark infrastructure. Our experiments report photo-
metric, computational, and geometric comparisons of cur-
rent methods. We hope this work will accelerate research
in this field by providing fundamental tools and resources.
In the future, we will further expand the capabilities of this
framework by incorporating a wider range of methods for
comparison, while systematically organizing its functional
modules to facilitate their use in subsequent work. Addi-
tionally, while the current framework is primarily tailored
for static GS scene compression methods, we plan to ex-
tend its functionality to tasks like dynamic scenes [45, 51],
feed-forward paradigm [7] and streaming 3DGS compres-
sion [40].
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