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Abstract. Scene reconstruction with 3D Gaussian Splatting (3DGS)
has become common, however deployment remains painful as the un-
compressed file sizes can be massive. Current 3DGS compression sys-
tems combine multiple strategies for file size reduction, which can ob-
scure where gains come from and limit component reuse across training
pipelines. To make the gains more transparent, we propose KISS-GS,
a modular compression pipeline named after the principle of keeping
things simple, designed to decouple compression entirely from training.
Given a 3DGS scene reconstructed with vanilla 3DGS, we are able to
reduce it through compaction by 15.7x using a combination of state-of-
the-art pruning schemes. Then we encode it into an image-based format
designed for simple, ubiquitous decoding. With the SOG-XT format, we
propose a novel extension to Self-Organizing Gaussians with two main
contributions: (i) Self-organizing 2D Codebooks and (ii) Parallel Repre-
sentative Assignment Smoothing (PRAS), which leverages the symmetry
of quaternion and scale parameterizations to produce 2D attribute grids
more amenable to encoding. This encoding reduces scene size by 6.6x.
We show that optional encoding-aware fine-tuning yields a further 2.2x.
Across standard 3DGS benchmarks, our simple and modular approach
thus achieves a total of 85× to 319× reductions in the size of the scene
over uncompressed vanilla 3DGS, setting new benchmarks for real-world
scenes and surpassing tightly integrated methods in rate-distortion. De-
coding relies solely on web-native image formats, and the modular design
makes each stage easy to combine with future advances in reconstruction
and compaction.
Code and project page: https://fraunhoferhhi.github.io/KISS-GS/

1 Introduction

“Simplicity is a great virtue but it requires hard work to achieve it and education
to appreciate it. And to make matters worse: complexity sells better.”

— Edsger W. Dijkstra (1984), On the nature of Computing Science [6]
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Fig. 1: Rate distortion on Mip-NeRF 360 for KISS-GS, with quality measured by peak
signal-to-noise ratio (PSNR). At the INRIA 3DGS quality reference (INRIA-Q), KISS-
GS reduces file size by 228� from 738 MB to 3:2 MB. From the uncompressed INRIA
.ply baseline, POPSpa matches INRIA-Q with a 15:7� reduction, our SOG-XT en-
coding adds 6:6�, and encoding- aware fine-tuning adds a further 2:2�, outperforming
HAC++ [5].

In practice, 3D Gaussian Splatting (3DGS) scenes are still commonly exchanged
as raw .ply exports. These files are easy to produce, but large and inefficient
for storage, streaming, and deployment. As 3DGS moves beyond research pro-
totypes into hardware-constrained web viewers, mobile renderers, and AR/VR
applications, file size, decoding cost, and memory footprint become obstacles.

Storage efficiency was not a focus of the original 3DGS formulation [16], lead-
ing to a rapidly growing body of work on compression. The recent 3DGS.zip sur-
vey [1] distinguishes two storage-reduction strategies, compaction, which reduces
the number of primitives, and compression, which reduces the number of bits per
primitive. To avoid overloading the term compression, we refer to this bits-per-
primitive component as encoding. We add adaptation as a third strategy, which
uses encoding-aware training or fine-tuning to steer parameters toward configu-
rations that are friendly to quantization and coding. KISS-GS turns these three
strategies into explicit pipeline stages, whose separate rate-distortion gains are
previewed in Fig. 1. Many methods combine multiple strategies to achieve their
final rate-distortion scores. While effective, this obscures where gains actually
originate, creating an attribution gap. Without clear attribution, it is difficult
to compare methods fairly and reuse components across pipelines. Compaction
alone can already yield large gains. Densification and pruning improvements
can reduce primitive counts by an order of magnitude in some settings without
large drops in reconstruction quality, as demonstrated by Mini-Splatting [7, 8].
Some approaches, such as anchor-based families of methods, restructure the rep-
resentation so fundamentally that compression becomes inseparable from the
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reconstruction regime and data format. This training-format coupling effectively
locks the codec to a particular 3DGS training pipeline: when new reconstruction
methods or parameterizations emerge, their improvements cannot be adopted
without reworking the compression scheme itself.

We call our approach KISS-GS, inspired by the KISS principle (“keep it
simple, stupid” [37]) and restrict ourselves to a deliberately simple, browser-
compatible decoding pipeline backed by widely supported image codecs.

Guided by this decoder-first stance, we ask three research questions (RQs):

1. (RQ1) Can we close the attribution gap by modularizing the compression
pipeline and measuring the contribution of each stage in turn?

2. (RQ2) Can a simple image-based encoding format match more com-
plex, integrated methods like HAC++ [5] across real-world 3DGS compres-
sion benchmarks?

3. (RQ3) Does encoding-aware fine-tuning still deliver gains when con-
strained to a simple, web-friendly codec?

To close the attribution gap (RQ1), we propose KISS-GS, a modular com-
pression framework that separates compaction, encoding, and adaptation into
distinct stages, enabling each stage to be replaced, ablated, or analyzed inde-
pendently. We instantiate the compaction stage with POPSpa, a reconstruction-
independent module that combines state-of-the-art pruning schemes after the
initial reconstruction, ensuring that gains from fewer primitives are never con-
flated with gains from better encoding. To test whether a simple image-based
encoding format can match more integrated methods (RQ2), we introduce
SOG-XT, an image-based codec and storage format designed for web-friendly
decoding. We extend the Self-Organizing Gaussians (SOG) [27] approach with
(i) Self-organizing 2D codebooks for spherical harmonics and (ii) Parallel Rep-
resentative Assignment Smoothing (PRAS) to improve compression rates while
keeping the decoder simple. To isolate encoding-aware fine-tuning under the
constrained decoder model (RQ3), we systematically evaluate it with encoding-
in-the-loop as a separate stage.

2 Related work

The original 3DGS paper [16] focused on reconstruction quality and real-time
rendering performance, without explicitly addressing storage or memory con-
straints. Due to its strong reconstruction quality with explicit primitives (in
contrast to the implicit nature of NeRF-based approaches [26, 28]), the com-
munity quickly adopted 3DGS. Many follow-up works have since investigated
storage reduction, memory efficiency, and rendering performance, introducing
modifications at different pipeline stages which can broadly be categorized into
compaction, encoding, and adaptation [1].

Compaction reduces the number of active Gaussians while preserving or im-
proving reconstruction quality, directly impacting storage footprint and render-
ing cost. Many methods perform sensitivity-based pruning after or during train-
ing by estimating the importance of individual Gaussians. Various criteria have
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been proposed, including strict primitive budgets via score-based sampling [25],
reconstruction error [11, 12, 20, 33], as well as primitive transmittance, opacity,
or rendering contribution [9,19,22]. Another class of methods controls the Gaus-
sian population through sampling-based strategies. For example, MCMC-GS [17]
removes low-opacity primitives and relocates them to high-opacity regions to im-
prove reconstruction under a fixed primitive budget. Finally, some approaches
formulate compaction as an explicit sparsity-constrained optimization problem:
RDO-GS [41] learns binary pruning masks jointly with the reconstruction objec-
tive using sparsity-inducing regularization, whereas GaussianSpa [47] introduces
an auxiliary sparsity variable and uses an augmented-Lagrangian formulation
that alternates between standard reconstruction optimization and a projection
step that enforces a target sparsity level.

Encoding reduces the number of bits required to represent each primi-
tive without necessarily changing the primitive count. A common strategy is
numerical compression of Gaussian attributes, often using vector quantization
(VQ), particularly for view-dependent spherical harmonics [29,30,32]. These ap-
proaches reduce bitwidth without altering primitive layout through quantization
and entropy coding.

Another class of methods replaces explicit attribute storage with structured
representations that exploit spatial correlations between primitives. These in-
clude anchors, codebooks, multi-layer perceptrons (MLPs), octrees, triplanes, or
hash grids to encode Gaussian attributes [3, 21, 24, 36, 44]. Scaffold-GS [24], for
example, predicts attributes from neighboring anchors via a lightweight MLP.
Extensions include learning sparse primary and dense secondary anchors [23],
hierarchical pyramids where coarser anchors predict finer ones [42], and query-
ing hash-grid features at anchor locations [3, 5].

Another direction organizes Gaussian attributes into structured 2D lay-
outs to leverage standard image codecs. Mapping 3D primitives to 2D grids via
Morton curves or Self-Organizing Gaussians (SOG) [27] produces locally smooth
attribute maps optimized for conventional encoders. Although encoding requires
an initial sorting step, decoding reduces to standard image decompression, which
is widely hardware-accelerated and readily available in browser and mobile en-
vironments. This decoding simplicity has enabled practical deployment on
mobile devices, AR/VR platforms, and browser-based viewers, leading to for-
malization of the .sog format [35], which combines Self-Organizing Gaussians
with VQ strategies for spherical harmonics. The format has been adopted in re-
search and practical web pipelines [15,34,39]. Alternative formats like .spz [31]
use structured quantization with a custom binary format.

Adaptation modifies scene parameters to make them more compatible with
the target encoding. This can be achieved either during training or through post-
training fine-tuning. RDO-GS [41] adds VQ-loss and rate-loss to the objective
function, FCGS [4] incorporates entropy loss accounting for bit count, while
HAC [3] and HAC++ [5] combine rendering fidelity, entropy, masking, and hash-
grid size losses.



KISS-GS 5

Fig. 2: The KISS-GS pipeline with four distinct stages. (1) A standard 3DGS re-
construction yields a .ply, with primitive count setting the rate-distortion point.
(2) POPSpa compacts the scene. (3) SOG-XT encodes the compacted primitives into at-
tribute images. (4) Optional codec-aware �ne-tuning improves rate-distortion without
changing the output format. Below the dashed separator, we show per-stage alterna-
tives to the KISS-GS stages and contrast them with integrated methods like HAC++
spanning all stages as a single non-modular unit.

3 Modules of the KISS-GS pipeline

Figure 2 shows how the modular KISS-GS pipeline takes any o�-the-shelf 3DGS
scene as input, applies compaction, encodes the result with SOG-XT, and op-
tionally �ne-tunes it with the codec in the loop. When competing methods di�er
in both �le size and reconstruction quality, individual operating points listed in
tables are di�cult to compare. We therefore use rate-distortion curves to com-
pare this tradeo� across operating points. When one curve dominates another in
the Pareto sense (higher quality at the same �le size, or smaller �le size at the
same quality) the dominant method is strictly better at every operating point.
We control the rate-distortion tradeo� primarily through primitive count, which
has the additional bene�t of reducing rendering cost and the work required for
encoding and decoding. Using more primitives with heavier compression to reach
the same operating point would instead increase all three, with no gain in rate
or quality. We describe each stage in turn.

3.1 3D Reconstruction

KISS-GS accepts any standard 3DGS .ply �le as input, regardless of which
implementation produced it. This is a deliberate design choice: by decoupling
compression from reconstruction, we avoid training-format coupling and ensure
that improvements in reconstruction quality can be adopted without changes
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to the compression pipeline. The standard 3DGS parameterization (means, co-
variances represented as quaternions and scales, spherical harmonic colors up to
degree 3, and scalar opacity) is shared across all major implementations, and
KISS-GS preserves this representation throughout. Importantly, this parameter-
ization relies on no MLPs, hash grids, or anchor structures, keeping the decoder
simple. The original training pipelines apply non-linear mappings to scales and
opacities to constrain parameter ranges. We use the same mappings because the
resulting values are well suited to uniform quantization.

The 3DGS reconstruction ecosystem is actively evolving, with implementa-
tions varying in speed, quality, and license, including INRIA [16], gsplat [45],
Lichtfeld Studio [40], and Hahlbohm et al. [10]. Being decoupled from any spe-
ci�c implementation means KISS-GS can bene�t from future reconstruction ad-
vances without modi�cation. Our main experiments use the gsplat MCMC re-
construction [17] with default parameters for 30k iterations; compatibility with
alternative implementations is demonstrated in Sec. 4.

3.2 Compaction with POPSpa

Densely trained 3DGS scenes typically contain substantial redundancy. Since
storage scales approximately linearly with the primitive count, compaction is
essential to achieve high compression ratios. We instantiate this stage with
POPSpa, a reconstruction-independent compaction recipe that starts from a
trained 3DGS scene and combines score-based pruning from GaussianPOP [20]
with the alternating optimize-sparsify scheme of GaussianSpa [47], augmented
by e�ective-rank regularization. Its role is not to introduce a new pruning ob-
jective, but to provide a strong, replaceable module whose primitive-count gains
can be measured separately from encoding gains.

E�ective Rank Regularization. Although all covariance matrices maintain a full
rank of 3, they exhibit widely di�erent eigenvalue spectra, dictating the shape of
the Gaussians. To quantify these shapes during training, we utilize the e�ective
rank (erank) as a di�erentiable relaxation that measures the dimensions e�ec-
tively occupied by the distribution. Formally, for a 3D Gaussian with ordered
scale attributes s1 � s 2 � s 3, the normalized eigenvalues of its covariance matrix
� are de�ned as p i = s2

iP 3
j=1 s2

j
. The e�ective rank is formulated as the exponential

of the Shannon entropy of the probability distribution induced by the eigenvalues
of the covariance matrix: erank(�) = exp

�
�

P 3
i=1 pi � log pi

�
[38]. We employ

the e�ective rank regularization (Eq. (1)) proposed by Hyung et al . [14] to dis-
courage the formation of extremely needle-shaped Gaussians, characterized by
erank(� k ) � 1, which can over�t training views and produce artifacts from novel
viewpoints. At the same time, this regularization favors disk-shaped Gaussians
exhibiting an erank(� k ) � 2, which are better suited for surface reconstruction.

L erank =
X

k

� erank max(� log(erank(� k ) � 1 + �); 0) + s 3 (1)
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First Pruning Stage. For each Gaussian primitive k, we use the error criterion
of GaussianPOP [20] to estimate how much the rendered image changes when
k is removed from the scene representation. Let Crender be the original rendered
color and C0

render the color obtained after omitting Gaussian k; the per-primitive
error �SE k = kC render � C 0

render k2 then quanti�es the change in pixel colors,
accumulated over all training views. We compute �SE k for all primitives using
the e�cient single-pass algorithm of [20] and prune a �xed fraction with the
lowest scores.

Optimize-Sparsify Re�nement. To counteract potential degradation caused by
large pruning ratios, we re�ne the remaining primitives using the alternating
optimize-sparsify scheme of GaussianSpa [47]. GaussianSpa formulates primitive
selection as a constrained optimization problem with an 0̀ sparsity objective on
primitive opacities:

min
a;�

L (a; �) ; s.t. kak 0 � � (2)

where � denotes all primitive parameters except opacity a, and � is the primitive
budget. The optimization alternates between a standard reconstruction step and
a sparsi�cation step that gradually reduces the opacity of expendable primitives.
GaussianSpa applies this scheme during training; we repurpose it as a post-
training re�nement stage of 5k iterations. This allows the remaining primitives to
compensate for the reduced primitive set by redistributing opacity and geometry
among nearby Gaussians. In this stage, we additionally apply the e�ective rank
regularization term L erank de�ned in Eq. (1).

Second Pruning and Fine-Tuning. For a second pruning pass, we recompute
�SE k to remove primitives that have become redundant. Finally, another 5k
iterations of �ne-tuning recover quality lost in the previous steps, for a total of
10k post-processing iterations.

3.3 Encoding with SOG-XT

Following compaction with POPSpa, the remaining primitives are encoded by
SOG-XT, an image-based codec extending the Self-Organizing Gaussians (SOG)
approach [27] with two novel contributions described below.

The core idea of SOG [27] is to arrange the N primitives into a d
p

Ne�d
p

Ne
2D grid using PLAS, a parallel assignment algorithm that preserves spatial
locality in the grid layout. The resulting attribute maps are locally smooth,
making them well-suited for standard image codecs. SOG stores the individual
per-attribute slices as lossless JPEG-XL images, with quantization applied post-
training. In the original SOG method, densi�cation parameters, training-time
smoothness regularization, and quantization are coupled, which makes its encod-
ing stage di�cult to apply in isolation. The .sog format keeps the image-based
storage idea of SOG [27], but makes it usable as a post-training format by using
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Morton-order curves to arrange primitives and k-means clustering for spherical
harmonics dimensionality reduction, with centroids sorted lexicographically.

Like .sog, SOG-XT decouples encoding from reconstruction and compaction
entirely, operating as a pure post-training step on any compacted scene. SOG-XT
retains the PLAS-based grid layout for all attributes but replaces the 48 raw SH
slices of SOG [27] with vector quantization: k-means clustering reduces the high-
dimensional SH representation to a compact codebook, with only per-primitive
cluster indices stored. Rather than sorting these centroids lexicographically as in
.sog, SOG-XT sorts the 2D cluster centroids with PLAS, yielding a codebook
that is itself locally smooth in 2D. Cluster assignments are stored as two 8-bit
image channels (u; v) indexing the PLAS-sorted centroid grid. This deliberately
caps the SH codebook at 256 � 256 = 65;536 entries, which was the point where
increasing the codebook size no longer improved PSNR in our experiments. This
2D structure additionally enables �ne-tuning to re�ne the codebook and provides
a natural foundation for future vector quantization methods that exploit spatial
coherence more aggressively.

3.4 Covariance Symmetry and PRAS

The mapping from a 3D covariance matrix to the parameterization of tuples of
quaternions and scales (q; s) is one-to-many. A unique covariance matrix maps to
an entire equivalence class of discrete parameter choices that all yield the identi-
cal spatial distribution. This symmetry stems from three independent sources of
redundancy in the decomposition of �: Scale Permutations: The three prin-
cipal radii can be assigned to the coordinate axes in 3! = 6 ways, provided they
are compensated by 90� rotations around principal axes to arrive at the identical
covariance. Eigenvector Orientations: Flipping eigenvector directions yields
23 combinations, of which 4 represent valid rotations satisfying det(R) = 1.
Quaternion Double-Cover: For every valid rotation matrix R, there exist
two quaternions, q and �q, which produce that exact rotation.

Combined, this results in 6�4�2 = 48 distinct parameter combinations within
an equivalence class that describe a single Gaussian. To exploit this symmetry, we
propose Parallel Representative Assignment Smoothing (PRAS). Sim-
ilarly to PLAS, PRAS employs coarse to �ne optimization over 2D parameter
grids. First, to ensure comparable magnitudes during optimization, the �oating-
point quaternions and log-scales are mapped to 8-bit quantized proxy grids. The
algorithm then iterates over a sequence of exponentially decreasing blur radii.
At each scale, a low-pass �lter is applied to the current proxies to generate spa-
tially smoothed target grids. For every primitive, PRAS evaluates all candidates
within its equivalence class and assigns the representative that minimizes the
sum of absolute channel di�erences, i.e. the 1̀ distance, to the smoothed targets.
Because the search space is strictly restricted to valid equivalence classes, PRAS
e�ectively removes arti�cial variance to improve the compressibility of scale and
quaternion grids while leaving the resulting 3D covariances and grid coordinates
unchanged.
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Fig. 3: Encoding overview for SOG-XT. PLAS sorts primitives into 2D attribute grids
using both mean byte planes. View dependent color is reduced with a k-means codebook
whose centroids are PLAS sorted again, and assignments are stored as UV indices. Bars
show the relative on-disk size contribution of each component.

3.5 SOG-XT format

Figure 3 shows an example of an encoded SOG-XT container with the �le size
and share of the total for each stored component.

Following SOG [27], we arrange primitives into a 2D grid with PLAS and
store the attribute grids as images. SOG uses JPEG-XL with higher bit depth
support, while we restrict storage to browser-decodable 8-bit images. We avoid
truncation by padding primitives to a square grid with side length aligned to a
multiple of 8 and storing an active mask. Padded primitives use �xed defaults
and are dropped at decoding time, which adds little metadata overhead.

We apply per-channel min-max quantization with uniform step sizes and
store each channel's minimum and maximum as �oat32 values in a YAML meta-
data �le. In the example container shown in Fig. 3, all metadata including these
ranges accounts for only 0:2% of the total size on disk. These values are therefore
negligible for compression, but necessary for exact dequantization.

For the Gaussian means, which de�ne primitive positions, we follow SOG and
apply a signed log remapping for space contraction before 16-bit quantization.
As in browser-oriented .sog, we store the quantized positions as two 8-bit byte
planes. The upper byte captures coarse spatial structure, while the lower byte
contains �ner residual variation and is less smooth under image coding. Our
contribution is to expose this split to the layout optimization: we run PLAS
on both byte planes, with a stronger weight on the upper byte and a weaker
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weight on the lower byte, and apply the resulting permutation to all remaining
attributes.

For view-dependent color, we split spherical harmonics into the DC term fdc

and the remaining coe�cients f rest . We store fdc directly as an 8-bit image. We
compress frest with a k-means codebook of size K that scales with the number of
active primitives. In our experiments, we choose the SH codebook size as K = S2.
We set the codebook side length S from

p
N=8, clamp it to [8; 256], and round

it down to a multiple of 8. As a further enhancement, we PLAS-sort the SH
codebook centroids to obtain a 2D centroid grid and store assignments as two
8-bit UV channels that index this grid. We quantize the SH codebook centroids
with 100 levels using per-channel min-max ranges. Each centroid contains 15
non-DC SH coe�cients with RGB values. We store the resulting centroid grid
as a single RGB image by arranging the 15 coe�cient images in a 3 � 5 grid of
tiles.

Scales use a log mapping and 8-bit quantization, and opacities use an inverse
sigmoid mapping and 8-bit quantization. We optimize quaternions jointly with
scales using PRAS, which enables quaternion quantization with q = 99. Without
PRAS, we �nd that q = 255 is needed for comparable quality. The encoder does
not require camera parameters or a renderer.

3.6 Adapting the SOG-XT Format in Encoding-aware Fine-tuning

Optionally, we �ne-tune with SOG-XT in the loop. At each training step, we map
the current Gaussian attributes to the quantized image tensors used by SOG-
XT, reconstruct a Gaussian set from these tensors, render it, and backpropagate
the rendering loss through this round trip. The discrete codec structure is �xed
at the start, including the active mask, PLAS order, SH assignments, and code-
book layout. During training, SH assignments stay �xed while centroid values
are recomputed from the current frest coe�cients. Rounding is handled with a
straight-through estimator [2].

We optimize the standard rendering objective and add lightweight smooth-
ness losses on the quantized images. We also re-run PRAS during �ne-tuning
to preserve the compressibility bene�ts of covariance symmetry resolution as
the parameters change. The output format is identical to SOG-XT without �ne-
tuning, so the decoder remains unchanged. Implementation details are provided
in the appendix.

4 Evaluation

Let us demonstrate the e�ectiveness of keeping things simple: we will show how
POPSpa improves reconstruction quality with a reduced number of primitives
compared to INRIA 3DGS and competing compaction methods. Then we'll look
into our individual contributions that make up SOG-XT: 2D sorted codebooks
and our PRAS covariance smoothing. Finally, we show how our results com-
pare to the previous best-in-class, HAC++ [5], over the standard datasets for
benchmarking 3DGS compression.
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4.1 Evaluation protocol for 3DGS compression

The original 3DGS paper [16] established a de-facto evaluation protocol through
its public codebase, which is the baseline for many follow-up works. As explic-
itly stated in the 3DGS.zip survey [1], this protocol speci�es the datasets and
splits (21 scenes across Tanks and Temples, Mip-NeRF 360 , Deep Blending,
and Synthetic NeRF), scene-dependent training resolutions (4� downsampling
for Mip-NeRF 360 outdoor scenes, 2� for indoor), a �xed evaluation resolution
(images downscaled to 1600 px on the longest side), and evaluation with peak
signal-to-noise ratio (PSNR), structural similarity index measure (SSIM) [43],
and learned perceptual image patch similarity (LPIPS) [46], using the VGG
backbone for LPIPS and images in their [0; 1] range. Full details are provided in
the appendix.

Deviating from this evaluation protocol can lead to considerable di�erences
in reported metrics. The e�ects of training and test resolutions are discussed in
3DGS.zip survey [1], while a discussion of the incorrect LPIPS range being used
in 3DGS literature can be found in the NeRF baselines benchmark [18].

In all tables that have color-highlighted values, the best results in each cate-
gory are highlighted �rst , second , and third .

4.2 Baselines: INRIA for Quality and HAC++ for Compression

For an uncompressed quality reference, we use INRIA 3DGS [16], which we
denote INRIA-Q. The original 3DGS protocol trains for 30k iterations, which
matches the reconstruction stage of our pipeline. Our compaction stage then
adds 10k re�nement iterations before compression. We therefore train the INRIA
quality reference for 40k iterations as well, matching the total pre-compression
optimization budget of our method.

As the compression baseline, we use HAC++ [5], the highest ranked method
in the 3DGS.zip survey. Recomputing all published 3DGS compression methods
under a single protocol is infeasible, but HAC++ is the strongest available refer-
ence point in the survey. Only the preprint HEMGS [22] achieves higher PSNR on
several datasets, while HAC++ is more balanced across metrics and has public
code available. We therefore recompute HAC++ under our evaluation protocol
and compare to the remaining methods using their self-reported values from
the survey. We run HAC++ for 44k iterations as a compute-matched baseline.
This matches the total budget of the full KISS-GS pipeline, whose stages use 30k
iterations for reconstruction, 10k iterations for POPSpa compaction, and 4k iter-
ations for optional encoding-aware �ne-tuning. We use the parameters provided
by the authors for their high- and low-rate versions, but follow our evaluation
protocol throughout, which leads to slight di�erences from the numbers reported
in their paper. The appendix ablates HAC++ across the reported 30k setting
and our 30k, 40k, and 44k recomputations under both evaluation protocols.
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4.3 Evaluating Compaction with POPSpa

Figure 1 shows results for POPSpa using seven Gaussian primitive budgets. For
the smallest model, we set the target to 64 k Gaussians for all datasets, except
for Synthetic NeRF, where the lower scene complexity motivates a target of 16 k.
To obtain an intended pruning ratio of approximately 80%, we �rst train an over-
parameterized 3DGS model with gsplat-MCMC [45] using 320 k primitives (80 k
for Synthetic NeRF).

For each subsequent point in Fig. 1, we double both the compacted and
the corresponding initial budget. The initial (uncompacted) models are capped
by a dataset-speci�c maximum of 3000 k Gaussians for Tanks and Temples and
Mip-NeRF 360 , 2048 k for Deep Blending, and 640 k for Synthetic NeRF. The
right-most point corresponds to the maximal model size without pruning and
only applies 10 k �ne-tuning iterations.

Table 1: Comparison of 3DGS compaction methods across four standard benchmark
datasets. Ranks represent average rankings across all available datasets, with model
size and overall quality weighted equally: size contributes half the weight, and PSNR,
SSIM, and LPIPS each contribute one-sixth. In the top half, post-training pruning
is applied to a 30k-step vanilla 3DGS checkpoint, removing 90% of Gaussians. The
bottom half compares against compaction-aware training methods, where each method
is trained for 10k steps beyond its original implementation, resulting in 40k steps for
all methods except Mini-Splatting 2 which was originally trained for only 18k steps.
Our method is post-training only, applied to a checkpoint trained with gsplat's MCMC
implementation.

Method Rank Tanks and Temples Mip-NeRF 360 Deep Blending Synthetic NeRF
PSNR" SSIM" LPIPS# k Gauss PSNR" SSIM" LPIPS# k Gauss PSNR" SSIM" LPIPS# k Gauss PSNR" SSIM" LPIPS# k Gauss

p
os

t
tr

ai
ni

ng

Inria [16] SIGGRAPH '23 (30k) 23.77 .847 .170 1,56327.28 .807 .222 2,72329.69 .905 .242 2,46333.46 .970 .030 259

+ Ours (+10k) 1.1 23.37 .819 .231 156 26.78 .781 .289 272 29.51 .903 .265 246 32.46 .964 .041 25
+ Speedy-Splat [11] CVPR '25 (+10k) 1.5 23.52 .813 .245 156 26.87 .772 .305 272 29.45 .902 .267 246 32.40 .962 .045 25
+ PUP 3D-GS [12] CVPR '25 (+10k) 1.8 22.62 .798 .251 156 25.58 .767 .300 272 29.26 .903 .264 246 31.49 .958 .049 25

co
m

pa
ct

io
n

aw
ar

e

gsplat-MCMC [45] (30k) 24.54 .869 .150 1,28027.95 .829 .196 2,56030.08 .907 .244 1,28033.82 .972 .028 320
+ Ours (+10k) 1.7 24.47 .856 .179 256 27.79 .811 .239 512 29.94 .904 .262 256 33.41 .969 .032 64

gsplat-MCMC [45] (40k) 2.5 23.90 .841 .205 256 27.52 .809 .243 512 29.43 .899 .270 256 32.73 .967 .036 64
GaussianSpa [47] CVPR '25 (40k) 2.8 23.63 .849 .171 349 27.40 .817 .227 561 30.09 .913 .245 457 33.34 .968 .029 212
Mini-Splatting2 [8] (28k) 3.3 23.57 .843 .178 35727.33 .815 .223 619 30.05 .911 .241 65832.69 .964 .037 54
Taming 3DGS [25] SIGGRAPH Asia '24 (40k) 3.9 24.10 .836 .203 318 27.33 .795 .258 684 29.77 .903 .273 294

Table 1 presents results for both post-training pruning and compaction-aware
training. In the post-training setting, our method consistently outperforms all
competing approaches across all benchmarks.

The compaction-aware comparison is more nuanced: since most methods can-
not easily predetermine the �nal scene size or quality, the compared samples sit
at slightly di�erent positions on each method's quality-size trade-o� curve. De-
spite this, our method achieves the best average rank of 1.7 while operating
at signi�cantly fewer Gaussians than competing methods across most datasets.
The exception is Synthetic NeRF, where model sizes are more comparable. In
Deep Blending, we achieve competitive quality using only 56% of the primitives of
the best performing method. Full quality-size trade-o� curves for all datasets are
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provided in the appendix. Across these curves, our method consistently achieves
higher quality than competing methods at a given size.

4.4 Evaluating Compression with SOG-XT

As shown in Fig. 1 for Mip-NeRF 360 and in the appendix for other datasets,
our encoding method SOG-XT is able to compress the test scenes to single-digit
Megabyte sizes. With a single parameter choice, as presented in Sec. 3.3, our
method works well across a large range of primitive counts, from several thou-
sand to millions. The same encoding method works on the INRIA 40k baseline,
highlighting the modularity of the approach. Two popular post-training encod-
ing methods in .spz and .sog are benchmarked against our method using their
o�cial implementations (splat-transform v1.6.0 [35] for .sog, the o�cial spz
PyPI package v0.0.6 [31] for .spz). With .sog, the �les are even larger, and
this format appears sensitive to the number of primitives, producing a jagged
rate-distortion curve.

Table 2: Ablation of contributions to the SOG-XT format on the Bicycle scene with
256 k primitives. The �rst row contains the absolute values after encoding. The following
rows disable individual features of SOG-XT, ordered by size penalty. Most removals
increase the �nal size considerably at small quality gains. Using image encoding, our
novel codebook sorting and its UV label packing bring clean size wins without incurring
any quality loss. Find additional rows in the appendix.

E�ect of Leaving Feature Out

Size [MB] � Size [Bytes] # � PSNR " � SSIM " � LPIPS #

SOG-XT (Full Pipeline) 3.878 (3,877,944) (24.2281) (0.68176) (0.35404)

w/o SH AC codebooks 7.313 +3,434,816 +0.2320 +0.00790 -0.00579
w/o WebP image compression 6.908 +3,030,148 +0.0000 +0.00000 +0.00000
w/o quaternion u8 quantization 6.427 +2,548,718 +0.0317 +0.00147 -0.00067
w/o primitive PLAS sorting 4.493 +614,851 +0.0059 +0.00022 -0.00036
w/o centroid PLAS sorting 3.920 +42,416 +0.0000 +0.00000 +0.00000
w/o label UV packing 3.890 +12,142 +0.0000 +0.00000 +0.00000
w/o PRAS 3.866 -11,810 -0.1104 -0.00538 +0.00273
w/o means signed-log remapping 3.359 -519,272 -7.5508 -0.37864 +0.22151

In Table 2, we show how the individual components of SOG-XT contribute
to its high compression ratio. In these leave-one-out experiments, we can see
that most components provide size wins against small quality losses, like the
quantization operations. Our 2D codebooks (centroids PLAS sorting and label
UV packing) bring free size wins without any quality loss. Our PRAS method
incurs a small size hit, but provides large quality gains. The highest quality loss
occurs from building codebooks for SH AC, but otherwise, the �les would nearly
triple in size. Without the log-space contraction of means, �le sizes would shrink.
However, with 16-bit quantization for the means, reconstruction quality would
degrade severely.
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4.5 Adaptation and Comparison with State of the Art

In Figure 1, we show that encoding-aware �ne-tuning clearly improves the rate-
distortion curve over post-training compression, achieving another 2:2� reduc-
tion at INRIA quality for the Mip-NeRF 360 dataset. While SOG-XT by itself
can already achieve great results without feedback from the renderer, running
some adaptation can be worth it if a GPU and training views are available at
encoding time. A sensitivity analysis in the appendix shows that the default
�ne-tuning setting is not a fragile optimum; the SH codebook size is the clearest
rate-control knob, while additional �ne-tuning steps and stronger TV regulariza-
tion do not improve the trade-o�.

Table 3: File-size reduction factors over INRIA 3DGS after 40k iterations. Each en-
try is the interpolated point where a method matches INRIA-Q for the correspond-
ing metric. KISS-GS achieves the highest reductions on Tanks and Temples and
Mip-NeRF 360 , and on two of the three Synthetic NeRF metrics.

Method Tanks and Temples Mip-NeRF 360 Deep Blending Synthetic NeRF
PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS

CodecGS [21] ICCV '25y 53* - - 72* 72* - 76* 76* - n/a n/a n/a
ContextGS [42] NeurIPS '24 y 42* 42* - 55* 55* - 187* 187* - n/a n/a n/a
gsplat-1M [13] arXiv '24 y 60* 44 26 52 57 28 n/a n/a n/a n/a n/a n/a
HAC [3] ECCV '24 y 49* 48 - 46* 46* - 150* 129 - 47 - -
HEMGS [22] arXiv '24 y 69* 69* - 59* 59* - 229* 229* - 57* - -
HAC++ [5] TPAMI '25 77* 68 - 70 36 - 156 156 - - - -
Ours (SOG-XT) 227 104 60 104 73 40 - - - 10 - -
Ours+FT 319 131 72 228 109 64 85 98 - 21 14 14

* smallest available point already reaches INRIA-Q, so the value is a lower bound.
- INRIA-Q not reached within available points.
y self-reported result from 3DGS.zip, not recomputed under our protocol.

In Table 3, each entry is the interpolated �le-size reduction at which a method
matches the INRIA 3DGS 40k quality reference. We use recomputed HAC++
as the main baseline, since it is the strongest reproducible published method
in the 3DGS.zip survey. HEMGS reports higher reductions in some cases, but
it is a preprint without public code, so we include it only as self-reported con-
text. On Tanks and Temples and Mip-NeRF 360 , KISS-GS reaches INRIA-Q
at substantially higher reduction factors than HAC++ across all reported met-
rics. On Deep Blending, the gap is already visible before SOG-XT is applied:
compressed HAC++ exceeds uncompressed gsplat-MCMC and INRIA 3DGS
on Playroom (30.63 vs. 30.42 and 30.09) and Dr. Johnson (29.60 vs. 29.48 and
29.43). This points to HAC++'s anchor-based learned representation and reg-
ularization rather than to SOG-XT quantization or POPSpa pruning. To keep
the comparison compact, we include literature methods only if they provide at
least four �nite entries in this table.
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Notably, many competing methods from the literature do not reach INRIA
quality in the perceptual LPIPS metric at any of their available operating points.
This may point to over�tting the PSNR metric for the training views and losing
generalization capabilities in rendering novel views or novel resolutions (for the
Mip-NeRF 360 dataset).

Runtime measurements in the appendix show that post-hoc SOG-XT en-
coding is inexpensive compared with reconstruction and compaction. Encoding-
aware �ne-tuning is more expensive, but it can be omitted. A reference Python
decoder reconstructs models with up to 1024k Gaussians in well under a second
on CPU, supporting our claim that deployment remains simple.

5 Have we kept it simple?

The title of this paper, together with the Dijkstra quote in the introduction,
makes a deliberately cheeky promise. We set out to keep 3DGS compression
simple. With respect to simplicity, we fell short in one place: the encoder is a
sophisticated modular pipeline with modules such as POPSpa and novel compo-
nents such as PRAS. This deliberate complexity lets KISS-GS separate recon-
struction, compaction, encoding, and encoding-aware �ne-tuning, close the
attribution gap, and make the source of each gain measurable.

The payo� is substantial: KISS-GS reaches single-digit megabytes at vanilla
3DGS reconstruction quality. With 319� size reduction on Tanks and Temples
in PSNR and 228� on Mip-NeRF 360 , it sets a new benchmark for 3DGS com-
pression on these two real-world datasets. A pipeline built around a simple
image-based encoding format can exceed the strongest published baselines
on the main real-world benchmarks while keeping deployment simple. SOG-XT
reconstructs standard 3D Gaussian Splatting attributes through standard image
decoding and small, deterministic rescaling and reshaping operations. This keeps
implementation e�ort low and makes decoders easy to port across languages
and platforms. Optional encoding-aware �ne-tuning improves rate-distortion
without changing this decoder. Deep Blending remains the main boundary, where
anchor-based learned representations better absorb capture inconsistencies than
the standard-splat reconstructions used as input to KISS-GS. Its modular design
makes future advances in reconstruction, compaction, and vector quantization
directly useful for compression. Still, KISS-GS shows that state-of-the-art 3DGS
compression does not require a complex deployment stack: the strongest results
can come from a sophisticated encoder while keeping the decoder deliberately
simple.
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6 Appendix to KISS-GS: 3D Gaussian Splatting
Compression Kept Simple

In the main paper, we have shown how to build a modular pipeline for 3DGS
compression whose output is a compact SOG-XT container that remains simple
to decode while still reaching record-setting compression levels. With the addi-
tional material in this appendix, we strengthen the paper's claims with more
detailed comparisons across datasets and metrics, additional ablations, a visual
explanation of the covariance symmetry, and qualitative comparisons of rendered
views.

6.1 Runtime Performance

Fig. 4: Runtime breakdown on the Bicycle scene. The top plot shows wall-clock
time per KISS-GS stage and the bottom plot breaks down post-hoc SOG-XT encoding.
Bicycle belongs to Mip-NeRF 360 , and 512k is the smallest Bicycle point exceeding
INRIA-40k PSNR. At that point, reconstruction takes 1215 s, POPSpa compaction
takes 277 s, post-hoc SOG-XT encoding takes 34 s, and optional encoding-aware �ne-
tuning adds 441 s. For context, Fig. 1 reports stage-wise size reductions of 15.7x, 6.6x,
and 2.2x on Mip-NeRF 360 at INRIA-Q. Encoding costs are balanced between com-
ponents for small scenes, while SH codebook clustering dominates at high primitive
counts.

Figure 4 shows wall time for encoding with our KISS-GS pipeline. Timings
were measured using 16 AMD EPYC 7200 CPU cores and one Nvidia A100
GPU. When comparing the wall time of di�erent stages of the KISS-GS pipeline
in the top view, we show that encoding with the SOG-XT format is inexpensive
compared with reconstruction and compaction. The optional encoding-aware
�ne-tuning is more costly because the codec is evaluated in the training loop. In
deployment, choosing between post-hoc and �ne-tuned encoding is a trade-o�
between encoding time and bitrate, with the latter being more expensive but
yielding better compression. Both variants decode identically, so the adaptation



2 W. Morgenstern et al.

improves bitrate without increasing deployment complexity. Within post-hoc
SOG-XT encoding (bottom view), the individual components have similar cost
for small models. For larger models, SH codebook clustering starts to dominate
and is the clearest target for future encoder optimization.

For decoding our format, we benchmark a reference Python decoder that
reconstructs SOG-XT tensors using only standard WebP image decoding plus
lightweight dequantization and table lookups. On a Threadripper PRO 5955WX
CPU, our end-to-end decoder takes 108 ms for 256k Gaussians, 192 ms for 512k,
and 347 ms for 1024k. These timings include �le reads but exclude PLY writing.
Peak memory usage is 0.37 GB, 0.67 GB, and 1.24 GB, respectively. The timing
values are medians over the seven kept runs after one warmup run, with the
two slowest of nine recorded runs discarded. These measurements are intended
as a conservative baseline because image decoding could be parallelized and
handed o� to hardware decoders, while per-�eld processing could be done more
e�ciently on the GPU. They demonstrate that this unoptimized code can decode
large 3DGS models in well under a second on commodity hardware, and that
the memory footprint is small enough to �t comfortably in GPU memory for
real-time rendering.

6.2 Encoding-aware Fine-tuning Details

In all experiments with encoding-aware �ne-tuning, we run 4000 steps with a
batch size of 8. Our implementation is based on PyTorch and uses gsplat for ren-
dering. We set a global step o�set of 40 k to continue the learning-rate schedule
after the reconstruction and compaction stages, which strongly reduces updates
to the 3D positions. The discrete structure of the codec is refreshed once at the
start, including padding and the active mask, PLAS ordering, the SH codebook
assignments with K � N=8 clamped to [64; 65;536], and PLAS sorting of the
codebook. We align the grid side length to a multiple of 8 and use a PLAS
minimum block size of 8. Quantization follows SOG-XT, including signed log for
means with a 16-bit proxy split into byte planes, q = 99 for quaternions, and
100-level quantization for SH codebook centroids. Quantization ranges are com-
puted once at initialization and kept �xed during training, except after PRAS
updates. We optimize a weighted combination of 1̀ and SSIM with � SSIM = 0:2.
We add masked 1̀ total variation on opacities, scales, both mean byte planes,
and f dc , and we use a masked quaternion TV loss. We set the TV weights to
1e�2 for quaternions and 1e�4 for all other terms. These auxiliary losses are
linearly warmed up from 0:35 to 0:60 of the run, corresponding to steps 1400 to
2400. We run PRAS once at initialization and again at 0:6 and 0:8 of the run,
with PLAS as the driver.

6.3 Encoding-aware Fine-tuning Sensitivity

Figure 5 varies one parameter at a time around the default setting used in the
paper. The sweep shows a stable rate-distortion region rather than a fragile opti-
mum on the Bicycle scene. Disabling TV regularization or increasing quaternion
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Fig. 5: Parameter sensitivity of encoding-aware �ne-tuning on the Bicycle scene with
512k Gaussians. We vary one parameter at a time around the default setting used in
the paper: SH codebook size (K 2 N=f2; 4; 12; 16; 32; 64g compared with the default
N=8), PRAS timing, TV regularization (o�, stronger), �ne-tuning steps from 0.5k to
12k, quaternion quantization range 47�255, and SH-centroid quantization range 31�255.
Points are means over seven runs, with error bars showing one standard deviation.

precision gives only small PSNR gains while increasing �le size. Stronger TV
regularization, very short �ne-tuning, and additional �ne-tuning steps do not
improve the trade-o�. Changing the PRAS schedule stays close to or below the
default, so we keep the �xed schedule described above. The SH codebook size is
the clearest optional rate-control knob, but its best setting is scene dependent.
We therefore use K = N=8 as a conservative default and use POPSpa primitive
count as the primary rate-distortion control.

6.4 Compaction Ablation

Table 4: Ablation on the components of our compaction method, POPSpa. Adding
the components individually, the results improve for two out of three of the real-world
datasets and stagnate for the synthetic data.

Method Tanks and Temples Mip-NeRF 360 Deep Blending Synthetic NeRF
PSNR" SSIM" LPIPS# k Gauss PSNR" SSIM" LPIPS# k Gauss PSNR" SSIM" LPIPS# k Gauss PSNR" SSIM" LPIPS# k Gauss

gsplat-MCMC [45] arXiv '24 (30k) 24.74 .875 .134 2,560 27.95 .829 .196 2,560 29.97 .907 .239 2,048 33.98 .972 .027 640

+ GaussianPOP [20] (10k) 24.68 .864 .162 512 27.69 .802 .249 512 29.92 .906 .249 512 33.83 .970 .029 128
+ Sparsi�cation 24.77 .870 .149 512 27.78 .809 .240 512 29.85 .905 .248 512 33.83 .971 .029 128
+ E�ective Rank Regularization 24.77 .871 .148 512 27.79 .811 .239 512 29.84 .906 .250 512 33.73 .970 .029 128

Table 4 presents an ablation study of our compaction method. Starting with
a scene trained with gsplat-MCMC for 30k iterations, we apply two rounds of
prune-re�ne using GaussianPOP's score. Adding Sparsi�cation to the �rst re�ne-
ment stage generally improves the results, with the exception of the Deep Blend-
ing dataset, which shows a slightly lower PSNR. After adding the E�ective Rank
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Regularization, our compaction still achieves competitive results, indicating that
preparing the compacted data for compression introduces no quality loss. Al-
though this regularization is not intended to improve quality, it e�ectively re-
duces the spikiness of the Gaussians without degrading performance.

6.5 Covariance Symmetries

Fig. 6: Covariance symmetries
Left: Scale permutations (6). Each permutation is indicated by a unique assignment
of the local coordinate axes (red, green, and blue) to the principal axes of the ellipsoid.

Right: Valid eigenvector orientations (4) for a �xed scale permutation.

Figure 6 illustrates the discrete symmetries inherent in the decomposition
of the 3D covariance matrix � = RSS T RT , where S = diag(s1; s2; s3) are the
scales and R 2 SO(3) are the rotation matrices. As discussed in the main paper
in Sec. 3.3, these symmetries give rise to 48 equivalent parameterizations of
the same Gaussian covariance. As shown on the left, there are 3! = 6 possible
scale permutations, each de�ned by a unique assignment of the local coordinate
axes to the ellipsoid's principal axes. For any �xed permutation, we further
identify four valid eigenvector orientations on the right. While there are 23 = 8
possible sign con�gurations for the eigenvectors, only four satisfy the SO(3)
constraint det(R) = 1. Together with the quaternion double cover, this yields
the full set of 48 equivalent choices used by PRAS. PRAS exploits this freedom
by evaluating the candidates within each equivalence class and selecting the
one that improves the compressibility of the quaternion and scale grids without
changing the represented covariance.

6.6 HAC++ Results

Table 5 shows the original HAC++ numbers alongside our own runs on Mip-NeRF 360 .
We �rst list the reported 30k results from the HAC++ paper. This 30k setting
is also the default training budget for 3DGS, which makes it the natural refer-
ence point. We then report our recomputed 30k, 40k, and 44k runs with training
resolution equal to evaluation resolution. Finally, we report the same runs under
our full evaluation protocol from Sec. 6.7, including 1600 px test resolution. We
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Table 5: Scores from the original HAC++ paper [5] and our own runs on
Mip-NeRF 360 . We list the reported 30k numbers, then our recomputed results with
training resolution equal to evaluation resolution, and �nally our recomputed results
under the full evaluation protocol with 1600 px test resolution. Scene size decreases up
to 40k iterations and stabilizes thereafter, indicating convergence.

Method Mip-NeRF 360, train: 2x/4x, test: matched train resolution.

Low-rate High-rate
PSNR" SSIM" LPIPS# Size PSNR" SSIM" LPIPS# Size

HAC++ (30k, reported) 27.60 0.803 0.253 8.34 27.82 0.811 0.231 18.48

HAC++ (30k, recomputed) 27.55 0.805 0.247 8.84 27.80 0.814 0.225 19.80
HAC++ (40k, recomputed) 27.33 0.802 0.250 8.41 27.80 0.813 0.225 19.68
HAC++ (44k, recomputed) 27.20 0.800 0.251 8.42 27.79 0.813 0.226 19.67

Mip-NeRF 360, train: 2x/4x, test: 1600 px.

HAC++ (30k, recomputed) 27.43 0.800 0.256 8.82 27.57 0.806 0.235 19.76
HAC++ (40k, recomputed) 27.21 0.796 0.260 8.38 27.62 0.806 0.236 19.62
HAC++ (44k, recomputed) 27.09 0.795 0.261 8.39 27.61 0.806 0.236 19.62

include 44k because our own pipeline adds 10k steps in the compaction stage
and 4k steps in the �ne-tuning stage, so this gives HAC++ the same overall com-
pute budget in this comparison. Our 30k recomputation in the matched train
and eval setting is close to the reported values. Moving to the full evaluation
protocol lowers the quality metrics slightly, while �le size remains nearly un-
changed. Extending the compute budget to 40k and 44k iterations demonstrates
size convergence: scene size reduces slightly at 40k in the low-rate regime, but
additional steps do not improve rendering quality. This is consistent with the
HAC++ loss:

L = L Sca�old + �
1

N(D a + 6 + 3K)
(L entropy + L hash ) (3)

where � controls the rate-distortion trade-o�. At high � (low-rate), extended
training forces further compression without recovering quality. At low � (high-
rate), this pressure is relaxed and quality remains stable regardless of iteration
count.

6.7 Evaluation Protocol

For our evaluation experiments, we follow the evaluation protocol established in
the codebase of the original 3DGS paper [16]. The 3DGS.zip survey [1] states
the scene selection, the training and evaluation resolutions, and the training and
test split. Here, we add details on LPIPS and the background color.

� 21 scenes from four datasets (two real-world scenes in Tanks and Temples, a
mix of nine indoor and outdoor scenes in Mip-NeRF 360 , two in Deep Blend-
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ing and eight synthetic scenes in the Synthetic NeRF dataset) show a range
of tiny synthetic scenes to medium-large real-world scenes.

� Training resolution is 4x downsampled for Mip-NeRF 360 outdoor scenes,
2x downsampled for Mip-NeRF 360 indoor scenes, and otherwise 1x the
provided images.

� Evaluation uses images downsampled to 1600 px on the longest side rather
than the training resolution.

� Image downsampling is handled with PIL bicubic resampling.
� The background color is white for Synthetic NeRF, and black otherwise.
� Metrics are PSNR, SSIM, and LPIPS, where for LPIPS the VGG backbone

is used, and the images are not normalized to [�1; 1] but are instead kept in
their [0; 1] range [18].

� Metrics are evaluated on a hold-out validation set, which comprises every
8th image of the real-world datasets and the designated test split of Syn-
thetic NeRF.

Because metrics are computed on held-out images, this protocol evaluates
novel view generalization rather than �delity on the training set alone. This dis-
tinction is particularly important in the context of compression, where a compact
representation should preserve not only the appearance of the observed views
but also the scene structure required to render unseen viewpoints accurately.
The evaluation thus helps ensure that bitrate reductions are not achieved by
compressing away the generalization capacity.

In practice, the evaluation-resolution mismatch a�ects only Mip-NeRF 360 ,
as the remaining datasets have image resolutions below 1600 pixels on the longest
side. Mip-NeRF 360 is therefore the most informative benchmark in this proto-
col: it covers a diverse set of real-world indoor and outdoor scenes, contains
multiple scenes rather than isolated examples, and jointly tests novel view gen-
eralization and robustness to di�ering training and evaluation resolutions.

6.8 Compression Ablation

Additional ablations of our compression format SOG-XT are reported in Tab. 6.
Across nearly all attributes, uniform min�max quantization is highly e�ective:
values are stored using a small �xed number of discrete levels, while the original
minimum and maximum are retained as metadata for dequantization. Depending
on the attribute, we use 100, 256, or 65;536 quantization levels, denoted in the
table as q100_u8, u8, and u16, respectively. This reduces size substantially while
causing only minor quality loss.

For quaternions, SOG-XT uses particularly aggressive min�max quantization
with only 100 levels, referred to as q100_u8 in the table. This is enabled by
PRAS: when PRAS is removed, the same quantization becomes too coarse and
causes a pronounced quality drop. Recovering the quality requires relaxing the
quantization to a denser 256-level representation, denoted as u8, as shown in the
row �w/o PRAS, quaternion full u8 quant�.

PLAS sorting requires the primitives to �t into square 2D grids. In over-
complete representations, this can be handled by pruning surplus primitives, for
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Table 6: Ablation of contributions to the SOG-XT format on the Bicycle scene with
256 k primitives. The �rst row contains the absolute values after encoding. The following
rows disable individual features of SOG-XT, ordered by size penalty. Most removals
increase the �nal size considerably at small quality gains. Using image encoding, our
novel codebook sorting and its UV label packing bring clean size wins without incurring
any quality loss. Compared with the main paper version, additional rows included only
in the appendix are marked by a colored bar in the �rst column.

E�ect of Leaving Feature Out

Size [MB] � Size [Bytes] # � PSNR " � SSIM " � LPIPS #

SOG-XT (Full Pipeline) 3.878 (3,877,944) (24.2281) (0.68176) (0.35404)

w/o centroid q100_u8 quantization 7.920 +4,042,523 +0.0097 +0.00016 -0.00032
w/o SH AC codebooks 7.313 +3,434,816 +0.2320 +0.00790 -0.00579
w/o WebP image compression 6.908 +3,030,148 +0.0000 +0.00000 +0.00000
w/o quaternion u8 quantization 6.427 +2,548,718 +0.0317 +0.00147 -0.00067
w/o f_dc u8 quantization 5.962 +2,084,291 +0.0063 +0.00012 -0.00009
w/o scales u8 quantization 5.844 +1,966,415 +0.0040 +0.00023 -0.00013
w/o means u16 quantization 5.271 +1,392,843 +0.0121 +0.00049 -0.00020
w/o primitive PLAS sorting 4.493 +614,851 +0.0059 +0.00022 -0.00036
w/o opacities u8 quantization 4.487 +609,117 +0.0006 +0.00007 -0.00006
w/o PRAS, quaternion full u8 quant 4.040 +161,748 +0.0101 +0.00040 -0.00008
w/o centroid PLAS sorting 3.920 +42,416 +0.0000 +0.00000 +0.00000
w/o label UV packing 3.890 +12,142 +0.0000 +0.00000 +0.00000
w/o grid mask (prune to square) 3.881 +3,344 -0.1150 -0.00576 +0.00279
w/o PRAS 3.866 -11,810 -0.1104 -0.00538 +0.00273
w/o means signed-log remapping 3.359 -519,272 -7.5508 -0.37864 +0.22151

example, by removing the lowest-opacity ones as in SOG [27]. After POPSpa,
however, the remaining Gaussians are already valuable, making further pruning
undesirable. SOG-XT therefore pads the grid with dummy primitives and uses an
active mask to discard them again at decode time. Replacing this with opacity-
based pruning provides only a tiny size bene�t but leads to a clear quality loss
("w/o grid mask (prune to square)").

6.9 Simple Decoding of the SOG-XT Format

In the paper, we argue that although the encoding pipeline is sophisticated, de-
coding can remain simple. To illustrate this point, we provide a compact Python
reference implementation that decodes one of our output �les and writes the
reconstructed scene to an INRIA-style `.ply` �le.

The script �rst de�nes a small set of helpers for reading quantization ranges
from the metadata, dequantizing stored attributes, and unpacking the tiled
spherical harmonics centroid table into the 45 AC components.

It then decodes the attribute images, applies the corresponding inverse trans-
forms, reconstructs the per-primitive attributes, and writes the result as a `.ply`
�le.
#!/usr/bin/env -S uv run --script
# /// script
# requires-python = ">=3.12"
# dependencies = [
# "numpy",
# "pillow",
# "pyyaml",
# ]
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# ///

"""Decode a SOG-XT container directory into a 3DGS-INRIA `.ply`."""

from __future__ import annotations

import argparse
from pathlib import Path

import numpy as np
import yaml
from PIL import Image

# ============================================================================
# Imports and Helpers
# ============================================================================

def read_image_uint8(path: Path) -> np.ndarray:
image = np.array(Image.open(path))
if image.ndim == 2:

image = image[..., None]
return image.astype(np.uint8, copy=False)

def normalize_to_01(values: np.ndarray) -> np.ndarray:
values_f32 = values.astype(np.float32, copy=False)
return (values_f32 - values_f32.min()) / (values_f32.max() - values_f32.min() + 1e-8)

def dequantize(
quantized: np.ndarray,
min_values: np.ndarray | float,
max_values: np.ndarray | float,

) -> np.ndarray:
return normalize_to_01(quantized) * (max_values - min_values) + min_values

def extract_ranges(container_meta: dict) -> dict[str, tuple[object, object]]:
ranges: dict[str, tuple[object, object]] = {}
for op in container_meta["ops"]:

fields = op.get("input_fields") or []
if len(fields) != 1:

continue
for transform in op.get("transforms", []):

quant = transform.get("simple_quantize")
if quant and "min_values" in quant:

ranges[fields[0]] = (quant["min_values"], quant["max_values"])
return ranges

def untile_feature_grid_3x5(tiled_hw3: np.ndarray) -> np.ndarray:
tile_rows, tile_cols = 3, 5
total_height, total_width, channels = tiled_hw3.shape
height = total_height // tile_rows
width = total_width // tile_cols
tiles = tiled_hw3.reshape(tile_rows, height, tile_cols, width, channels)
return tiles.transpose(1, 3, 4, 0, 2).reshape(height, width, channels * tile_rows *

tile_cols)

# ============================================================================
# Main Decoding Path
# ============================================================================

def decode_container_to_columns(container_dir: Path) -> list[tuple[str, np.ndarray]]:
container_meta = yaml.safe_load((container_dir / "container_meta.yaml").read_text())
grid_side = int(container_meta["meta"]["grid_side"])
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centroid_grid_side = int(container_meta["meta"]["f_rest_centroids_side"])
image_codec = str(container_meta["meta"]["image_codec"])
ranges = extract_ranges(container_meta)

def p(field: str) -> Path:
return container_dir / f"{field}.{image_codec}"

active_mask = read_image_uint8(p("active_mask"))[..., 0].reshape(-1) > 0

opacities = dequantize(
read_image_uint8(p("opacities"))[..., 0],
float(ranges["opacities"][0]),
float(ranges["opacities"][1]),

)
opacities = (1.0 / (1.0 + np.exp(-opacities))).reshape(grid_side * grid_side, 1)

scales_min = np.asarray(ranges["scales"][0], dtype=np.float32).reshape(1, 1, 3)
scales_max = np.asarray(ranges["scales"][1], dtype=np.float32).reshape(1, 1, 3)
scales = np.exp(dequantize(read_image_uint8(p("scales")), scales_min, scales_max)).

reshape(grid_side * grid_side, 3)

means_low = read_image_uint8(p("means_bytes_0")).astype(np.float32)
means_high = read_image_uint8(p("means_bytes_1")).astype(np.float32)
means_signed_log = dequantize(

means_low + 256.0 * means_high,
float(ranges["means"][0]),
float(ranges["means"][1]),

)
means = (np.sign(means_signed_log) * np.expm1(np.abs(means_signed_log))).reshape(

grid_side * grid_side, 3)

quaternions_min = np.asarray(ranges["quaternions"][0], dtype=np.float32).reshape(1, 1, 4)
quaternions_max = np.asarray(ranges["quaternions"][1], dtype=np.float32).reshape(1, 1, 4)
quaternions = dequantize(

read_image_uint8(p("quaternions")),
quaternions_min,
quaternions_max,

).reshape(grid_side * grid_side, 4)

f_dc_min = np.asarray(ranges["f_dc"][0], dtype=np.float32).reshape(1, 1, 3)
f_dc_max = np.asarray(ranges["f_dc"][1], dtype=np.float32).reshape(1, 1, 3)
f_dc = dequantize(read_image_uint8(p("f_dc")), f_dc_min, f_dc_max).reshape(grid_side *

grid_side, 3)

labels_uv = read_image_uint8(p("f_rest_labels")).astype(np.int64, copy=False)
centroid_indices = (labels_uv[..., 1] * centroid_grid_side + labels_uv[..., 0]).reshape

(-1)

centroid_min = np.asarray(ranges["f_rest_centroids"][0], dtype=np.float32)
centroid_max = np.asarray(ranges["f_rest_centroids"][1], dtype=np.float32)
if centroid_min.size != 45:

raise ValueError("Expected 45-channel centroids (SOG-XT).")

centroid_grid = untile_feature_grid_3x5(normalize_to_01(read_image_uint8(p("
f_rest_centroids"))))

centroids = dequantize(
centroid_grid.reshape(centroid_grid_side, centroid_grid_side, 45),
centroid_min.reshape(1, 1, 45),
centroid_max.reshape(1, 1, 45),

).reshape(centroid_grid_side * centroid_grid_side, 45)

f_rest = centroids[centroid_indices].reshape(grid_side * grid_side, 3, 15).transpose(0,
2, 1)

sh = np.concatenate([f_dc[:, None, :], f_rest], axis=1)

means = means[active_mask]
scales = scales[active_mask]
opacities = opacities[active_mask]
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quaternions = quaternions[active_mask]
sh = sh[active_mask]

normals = np.zeros_like(means, dtype=np.float32)
scales_log = np.log(scales)
opacities_logit = np.log(opacities) - np.log1p(-opacities)
f_rest_flat = sh[:, 1:, :].transpose(0, 2, 1).reshape(sh.shape[0], 45)

return [
("x", means[:, 0]),
("y", means[:, 1]),
("z", means[:, 2]),
("nx", normals[:, 0]),
("ny", normals[:, 1]),
("nz", normals[:, 2]),
("f_dc_0", sh[:, 0, 0]),
("f_dc_1", sh[:, 0, 1]),
("f_dc_2", sh[:, 0, 2]),
*[(f"f_rest_{i}", f_rest_flat[:, i]) for i in range(45)],
("opacity", opacities_logit[:, 0]),
("scale_0", scales_log[:, 0]),
("scale_1", scales_log[:, 1]),
("scale_2", scales_log[:, 2]),
("rot_0", quaternions[:, 0]),
("rot_1", quaternions[:, 1]),
("rot_2", quaternions[:, 2]),
("rot_3", quaternions[:, 3]),

]

# ============================================================================
# PLY Writer and CLI Entry Point
# ============================================================================

def write_ply(path: Path, *, columns: list[tuple[str, np.ndarray]]) -> None:
path.parent.mkdir(parents=True, exist_ok=True)
num_vertices = int(columns[0][1].shape[0])
matrix = np.empty((num_vertices, len(columns)), dtype="<f4")
for column_index, (_name, values) in enumerate(columns):

matrix[:, column_index] = values.astype(np.float32, copy=False).reshape(num_vertices)

header = "\n".join([
"ply",
"format binary_little_endian 1.0",
f"element vertex {num_vertices}",
*[f"property float {name}" for name, _ in columns],
"end_header",
"",

]).encode("ascii")

with path.open("wb") as f:
f.write(header)
f.write(matrix.tobytes())

def main() -> None:
parser = argparse.ArgumentParser(description=__doc__)
parser.add_argument("--input", type=Path, required=True, help="Input container directory.

")
parser.add_argument("--output", type=Path, required=True, help="Output INRIA `.ply` path.

")
args = parser.parse_args()
write_ply(args.output, columns=decode_container_to_columns(args.input))

if __name__ == "__main__":
main()
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6.10 Comparison with State of the Art

Figure 7 places our Mip-NeRF 360 results in the broader context of recent 3DGS
compression methods from the literature. Mip-NeRF 360 is the most informative
benchmark in our evaluation protocol because it contains multiple real-world
scenes, is evaluated on held-out views, and exposes the e�ect of using di�erent
training and evaluation resolutions. Even with this broader comparison, our
reproduced operating points remain competitive across the rate-distortion range,
with particularly strong results in LPIPS and �le size.

6.11 Rate-Distortion Curves

The full curves make the dataset di�erences more explicit. On Tanks and Tem-
ples and Mip-NeRF 360 , our method bene�ts from a clear quality margin over
INRIA after reconstruction and compaction, which can then be traded for bitrate
during compression. Deep Blending is the exception, where this margin is largely
absent. The gap to HAC++ is already present before SOG-XT encoding, since
compressed HAC++ exceeds uncompressed gsplat-MCMC and INRIA 3DGS on
both Playroom and Dr. Johnson. This points to the underlying representation
and its regularization rather than to SOG-XT quantization or POPSpa pruning.
Our per-view inspection indicates that the mean gap is driven by a small number
of views where high-capacity standard splats form isolated �oaters. Reducing the
primitive budget with POPSpa removes many of these weakly constrained prim-
itives, which explains why the 512k models remain close to HAC++ on the full
scenes. We therefore view Deep Blending as a limitation of the standard-splat
reconstruction used as input to KISS-GS under these captures, rather than as a
limitation of the image-based encoder alone.

6.12 Qualitative Comparison

Table 7 complements the quantitative tables and rate-distortion curves with a
view-level comparison on the Bicycle scene. The examples support the same trend
as the quantitative results. At 128k primitives and only 1.9 MB, our method
already reconstructs the main foreground structure well and still reaches com-
petitive PSNR, but it loses �ne background detail. This can be seen in the grass
behind the pedals in the 4x crop, the gray label on the bicycle frame on the
left in the 8x crop, and the background behind the wheels in the 12x crop. At
1024k primitives, most of this missing background structure is recovered while
the �le remains slightly smaller than HAC++ low-rate, which still misses these
details at a similar size. At 2048k primitives, the reconstruction also surpasses
the INRIA baseline in LPIPS while remaining far smaller on disk, at 25.0 MB
versus 1334.9 MB.
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6.13 Full-Page Figures and Tables

For convenience, we collect the large comparison �gures and tables here in the
same order in which they were discussed above.

Fig. 7: Rate-distortion performance of KISS-GS and related work on the
Mip-NeRF 360 scenes. Methods marked with a dagger y are self-reported by the au-
thors, as collected by the 3DGS.zip survey [1], and may not follow our evaluation
protocol from Sec. 6.7.
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Fig. 8: Rate-distortion performance of KISS-GS on the Tanks and Temples scenes. Our
reconstruction and compaction pipeline substantially surpasses the INRIA 40k baseline,
which creates headroom for compression. As a result, KISS-GS can match the INRIA
baseline at �le sizes as low as 1:3 MB in PSNR and 5:75 MB in LPIPS.
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Fig. 9: Rate-distortion performance of KISS-GS on the Mip-NeRF 360 scenes: In ad-
dition to the PSNR plot in Fig. 1, we report SSIM and LPIPS. The ordering is similar
across metrics, although the gaps are closer for SSIM and LPIPS than for PSNR.
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Fig. 10: Rate-distortion performance of KISS-GS on the Deep Blending scenes. Unlike
on the other datasets, our reconstruction and compaction pipeline does not substan-
tially improve over the INRIA baseline. The gap to HAC++ is already present before
SOG-XT encoding, which indicates that the limiting factor is the standard-splat recon-
struction under these captures rather than the image-based compression stage alone.
As a result, none of the operating points of our compressed curve exceeds INRIA qual-
ity, while HAC++ [5] remains above INRIA for part of the range.
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Fig. 11: Rate-distortion performance of KISS-GS on the Synthetic NeRF scenes. Be-
cause these scenes are synthetic, spatially smaller, and free of real-world capture effects,
absolute quality metrics are higher for all methods.
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