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Figure 1: Overview of our approach. Our adaptive 3D Gaussian representation enables high-fidelity
rendering and compact scene encoding. Not only are we able to generate comparable results to
state of the art approaches such as analytic splatting and mip-splatting, our learned generative model
generates gaussians beyond the training resolution. We discuss both contributions in detail in sections

E|and

ABSTRACT

We present LatentGS, a variational reformulation of 3D Gaussian Splatting that
replaces heuristic densification with a learned, probabilistic model. A Variational
Autoencoder (VAE) learns the joint distribution of scene geometry, appearance, and
uncertainty, enabling adaptive sampling of new Gaussians directly from the latent
space. Placement is guided by a three-dimensional variant of a Laplacian-kernel
penalty map, which targets regions of high spatial variation. The resulting scene
is 30%-90% more compact than vanilla 3DGS with superior quality, leading to
faster training and rendering without loss of fidelity. Moreover, post-training, the
LatentGS can be used as a standalone densifier/refiner of the reconstructed 3D
scene. Allowing users to further refine/add detail to selected regions of interest
(ROI). Together, these contributions produce a compact, perceptually stable, and
efficient 3D representation that advances the quality and scalability of Gaussian
Splatting.

1 INTRODUCTION

Novel view synthesis has long been a core challenge in computer vision. Recent work has focused on
reconstructing 3D scenes from collections of uncalibrated images, producing a range of optimization
strategies and output representations. State-of-the-art methods for 3D scene reconstruction typically

rely on Neural Radiance Fields (NeRFjMildenhall et al.| (2021) or 3D Gaussian Splatting (3DGS )Kerbl|
(2023). NeRF-based methods model the scene as a continuous 5D radiance field using a
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multilayer perceptron (MLP) that is queried during rendering along a view direction, capturing
view-dependent, high fidelity renderings of the underlying scene. On the other hand, 3DGS-based
methods represent the scene as an optimized set of 3D Gaussians whose parameters are blended in a
view-dependent manner to produce rendering of the reconstructed scene, offering a more explicit
geometric primitive-based representation and often, a faster rendering.

3D Gaussian Splatting (3DGS)Kerbl et al.|(2023)) variants have gained broader adoption since the
3DGS pipeline is substantially less compute intensive and more engineering-friendly than many
NeRF variants. The resulting representation from 3DGS pipelines allows efficient GPU acceleration
and real-time or near-real-time renderingFei et al.|(2024). In addition, the 3DGS scene representation
is easy to stream, partition, and distribute across machines for large-scale scenesSun et al.|(2025).
Moreover, primitives are explicit and locally meaningful, which makes editing, level-of-detail
management, and progressive refinement straightforward. Furthermore, splat-based rendering avoids
the heavy ray-sampling loops and large MLP memory/compute costs typical of NeRFs, yielding
faster turnaround for the capture-to-viewing process. NeRF-based methods can still produce superior
per-pixel fidelity and smoother view-dependent effects in some casesBarron et al.[(2023), but the
practical advantages of 3DGS-based methods (speed, scalability, lower resource demands, and ease
of integration into existing graphics pipelines) explain why it has become the mainstream choice for
many novel-view synthesis applications.

3DGS-based methods face several practical limitations: each Gaussian encodes many parameters
(position, covariance, color, opacity, and spherical harmonics coefficients), so large scenes with
millions of primitives quickly demand substantial GPU memory and storage. In addition, during
training, the 3DGS pipeline typically relies on heuristic densification, cloning and pruning rules that
are based on hand-tuned thresholds and can introduce instability or uneven quality such as popping
artifacts. Finally, similar to NeRF-based methods, the final fidelity of the reconstructed scene is
constrained by the resolution of the input training images, so low-resolution or sparsely sampled
captures produce blur, missing detail or hallucinated geometry.

We introduce LatentGS, a novel 3D scene reconstruction framework built on top of 3D Gaussian Splat-
ting (3DGS) with an anti-aliasing rasterizer. The proposed pipeline achieves 3D scene reconstructions
with minimal artifacts, delivering image quality on par with state-of-the-art 3DGS anti-aliasing
techniques |Yu et al.|(2024)); Liang et al.|(2024), while requiring only a fraction of training time and
generating significantly fewer Gaussians. Our contributions in this work are: Generative modelling
for 3DGS: A lightweight, generative, model that is learned during the 3DGS training pipeline that
predicts and refines a set of trained 3D Gaussians for a given resolution with minimal artifacts
and a significantly low number of Gaussians. Post-training quality improvement A region of
interest (ROI) based densification pipeline that can be used on the fly (no postprocessing or retraining
required) to add detail (3D Gaussians) to a user specified ROL

2 RELATED WORK

Our work builds upon recent advances in 3D Gaussian Splatting, adaptive scene parameterization,
anti-aliasing, and probabilistic generative modeling. We review the most relevant directions below.

2.1 3D GAUSSIAN SPLATTING AND EXTENSIONS

3D Gaussian Splatting (3DGS). Kerbl ez al. |[Kerbl et al.| (2023) introduced 3D Gaussian Splatting
for real-time novel view synthesis, representing a scene as a set of anisotropic 3D Gaussians with
learnable position, opacity, color, and covariance. Unlike NeRFs Mildenhall et al.| (2021}, this explicit
point-based representation avoids costly volumetric sampling, enabling interactive framerates and
efficient gradient-based optimization.

Dynamic and hybrid Gaussian models. Subsequent works have extended 3DGS to handle dynamic
or deformable scenes|Liu et al.[(2022); Lu et al.|(2024), temporal consistency |L1 et al.| (2024)); Khalid
& Rudzicz (2022), and neural field hybrids |Lin et al.[(2025)). Others propose analytic rasterizers |Li
et al.[(2025); Liang et al.|(2024), implicit field coupling|Lyu et al.|(2024), or structure-aware Gaussians
for surface reconstruction |Ververas et al.|(2024); GuASdon et al. (2025); |Guédon & Lepetit (2024)).
These advances highlight the flexibility of Gaussian primitives as a unifying representation for
geometry and appearance.

Super-resolution and hierarchical modeling. Recent works such as Analytic splatting Liang et al.
(2024), Mip-Splatting Yu et al.|(2024), GaussianVAE Khalid et al.|(2025) and GaussianShader Jiang
et al.| (2024) incorporate multi-scale or hierarchical structures to achieve anti-aliased, level-of-detail
(LOD) rendering.
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Figure 2: Overview of our approach. LatentGS adaptively refines a compact 3D Gaussian represen-
tation by combining learned priors, gradient-driven densification, and Laplacian regularization for
high-fidelity rendering. Our contribution, the LatentGS is in green and replaces the existing cloning
portion of the densification process.
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Figure 3: Legacy Gaussian densification vs. LatentGS which is an in-place substitute for legacy
3DGS densification. A detailed model architecture is presented in the Supplementary section (Figure

6).

2.2  GRADIENT-BASED DENSIFICATION AND REGULARIZATION

Densification has become a central component of Gaussian and point-based learning pipelines. Kerbl
etal. initially proposed heuristic splitting, cloning and pruning based on gradient
magnitudes. Our approach extends these ideas by coupling the gradient field with implicit regions
of uncertainty predicted by a generative prior, thus creating a principled probabilistic densification
criterion.

2.3 ANTI-ALIASING AND BAND-LIMITED RENDERING

Aliasing artifacts have historically plagued rasterization-based methods, especially when representing
sub-pixel primitives. In the context of Gaussian rendering, Mip-Splatting introduced
view-consistent anti-aliasing by adjusting covariance according to pixel scale. We adopt a similar
philosophy, using covariance inflation as a 3D kernel-based filter that ensures the rendered image
remains band-limited across scale levels akin to Analytic splatting [Liang et al.| (2024).

2.4  VARIATIONAL AND GENERATIVE REPRESENTATIONS

Variational Autoencoders (VAEs) [Kingma & Welling| (2013)); [Rezende et al.| (2014) have been widely
used to learn probabilistic latent spaces that capture scene variability, providing a natural mechanism
for uncertainty modeling and generative sampling. In the 3D domain, VAEs and related generative
models have been used for volumetric reconstruction [Gadelha et al (2019), shape priors Nash &
(2017), and neural implicit fieldsOechsle et al.| (2020).

Recent developments in diffusion and autoregressive 3D generators [Poole et al| (2022); Metzer]
et al| (2023); [Yi et al| (2024) demonstrate that learned priors can drastically improve robustness
and diversity. GaussianVAE leverages this intuition but grounds it in a lightweight, interpretable
probabilistic framework: our latent code captures uncertainty and spatial variation in Gaussian
parameters stable gradient-assisted training (Section [3), and limited ROI based super resolution

(Section [E.7).
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3 LATENTGS

3.1 3D GAUSSIAN SPLATTING

3D Gaussian Splatting (3DGS) [Kerbl et al.| (2023) represents a 3D scene as a set of anisotropic
Gaussian primitives, each defined by position yu;, covariance 3J;, color c;, and opacity «;. Each
Gaussian is projected onto the image plane through the camera Jacobian J;, yielding a screen-space
covariance X/ = J;X,;J. The final pixel color C(x) is computed using differentiable alpha
compositing: N

C(x) :ZT,» o;c;, where T; :H(l—aj), )
which accumulates transmittance 75 along the depth order. This explicit yet continuous representation
removes the need for volumetric ray marching, enabling real-time, high-quality novel view synthesis
while remaining fully differentiable for optimization and learning.

3.2 LAPLACIAN-BASED DENSIFICATION

To adaptively allocate representational capacity, LatentGS employs a Laplacian-based densification
strategy inspired by the work of Meuleman et al. Meuleman et al.|(2025) for on-the-fly reconstruction
of large scenes. Unlike prior gradient-based approaches, we rely on the norm of the Laplacian of
Gaussian (LoG) operator and a per-pixel Gaussian distribution, to identify high-frequency regions
and structural discontinuities in the input image 1.

The response of the LoG operator emphasizes edges by producing two symmetric peaks on either
side of a discontinuity, ensuring that Gaussians are placed both along and around detailed boundaries.
Formally, we define a spatial probability map that governs the spawning of new Gaussians as

PL(xvy):min(HVQ(nU)*I(xvy)”v 1)’ 2)

where n,, denotes a Gaussian kernel with standard deviation o, and V? is the Laplacian operator.
Areas of large LoG response correspond to regions that exhibit high-frequency detail or discontinuity.
To prevent unnecessary replication in regions already well reconstructed, we compute the same
operator on the current rendered view [:

P(z,y) = min (||V2(nc,) s I(x, )|, 1), 3)
and define the final spawning probability as

PS(Ivy):ma’X (PL(I,y)*ﬁ)(l',y), O) (4)
This ensures that new Gaussians are introduced only in areas where structural information remains

underrepresented.

Unlike Meuleman et al. [Meuleman et al.|(2025), who employ Depth-Anything-2 |Yang et al.[(2024a)
to estimate monocular depth for Gaussian placement, our method leverages a per-pixel distribution
of Gaussians along the depth axis from the viewpoint corresponding to I. Specifically, during the
rendering of image I, we record, for each pixel, the distribution of Gaussians along the depth axis that
contributed to its color as shown in figure[d]. Whereas Meuleman et al. capture a single depth value to
position Gaussians, our approach preserves the full distribution of contributing Gaussians. Sampling
from this distribution yields positions that are strongly correlated with underlying surfaces, while
also permitting samples at nearby off-surface locations. These off-surface samples remain proximate
to Gaussians influencing the pixel’s color, making them valuable candidates for depth sampling.
Importantly, this Laplacian-based approach replaces only the cloning step of the densification process
in standard 3D Gaussian Splatting (3DGS), while the original splitting step remains unchanged.
By focusing densification on LoG-derived edge regions, LatentGS achieves high-fidelity detail
preservation and avoids redundant Gaussian proliferation in already well-reconstructed areas.

3.2.1 VARIATIONAL AUTOENCODERS AND LATENTGS

At the core of LatentGS lies a Variational Autoencoder Kingma & Welling (2013)), which learns a
probabilistic latent space over Gaussians. The encoder maps input images Z to a latent z, while the
decoder predicts the parameters of the Gaussian ensemble G = {6 }:

N(z)

po(Glz) = [ po(Okl2), ©)
k=1

4
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Figure 4: Our proposed sampling technique along the depth dimension when placing new Gaussians
into the 3D scene. a) Our scene with original gaussians. b) Our proposed Laplacian formulation
motivated by Meuleman et al. Meuleman et al.| (2025)) c) We sample along the depth and get position
coordinates which are then converted to world space to sample from the trained latent space using the
LatentGS. d) Our LatentGS decoder generates Gaussians which are then added to the scene in place
of the cloning step in traditional 3DGS pipelines.

Resolution | Counts | 3DGS | Ours | Analytic | Mip

| Niegacy Nous %l(N) | PSNR  SSIM LPIPS | PSNR  SSIM LPIPS | PSNR  SSIM LPIPS | PSNR SSIM LPIPS
x1 (Full) |259,646 123,151 -50.9 | 33.52 0.9694 0.0227 | 33.44 0.9683 0.0248 | 33.78 0.9696 0.0215| 33.51 0.9685 0.0233

x2 164,316 103,428  -36.0 | 27.26 0.9400 0.0430 | 31.73 0.9590 0.0400 | 31.59 0.9580 0.0360 | 31.49 0.9580 0.0550
x4 97,026 24,069 [ =75.0| 21.99 0.8720 0.0980 | 28.65 0.9290 0.0870 | 28.13 0.9220 0.0760 | 28.55 0.9310 0.1190
x8 54,802 23,866 -53.0 | 18.80 0.8220 0.1700 | 25.84 0.8810 0.1360 | 24.88 0.8620 0.1280 | 25.80 0.8830 0.1970
Mean | 143,948 68,629 -53.7| 2589 0901 0.083] 29.92 0934 0.072] 29.60 0.928 0.065| 29.84 0.935 0.099

Table 1: Average quantitative comparison across all Blender resolutions (x1, x2, x4, x8). Each row
averages all scenes for that resolution. Darker green indicates stronger Gaussian count reduction.

allowing N (z) to vary adaptively with scene complexity. The training objective follows the ELBO
formulation with additional rendering and regularization losses:

L= _EELBO + )\renderﬁrender + )\Lap‘CLap (6)

Where, Ly, is a reconstruction loss used to train the VAE and Lgipo is a conventional loss for
training Variational Autoencoders. We refer the reader to the supplementary section for further
implementation details. The encoder-decoder architecture is represented in figure [3] which guides
both densification and a conditional super-resolution module[d.7] The latter adds fine-scale Gaussian
detail where uncertainty or high gradients suggest underrepresentation, allowing LatentGS to upscale
3D structure dynamically during rendering.

Integration. In summary, LatentGS integrates: (i) gradient-driven densification for adaptive ca-
pacity, (ii) Laplacian regularization for structural coherence, (iii) analytic 3D kernel filtering for
alias-free rendering, and (iv) a VAE backbone for probabilistic compression and super-resolution.
Together, these components yield a compact, uncertainty-aware representation capable of generating
and refining 3D scenes with high fidelity.

4 RESULTS

4.1 DATASETS AND EVALUATION PROTOCOL

We evaluate the proposed LatentGS across both synthetic and real-world benchmarks to assess
reconstruction fidelity, compactness, and generalization. Specifically, we conduct experiments on
the NeRF Synthetic (Blender) dataset Mildenhall et al.| (2021), the Tanks and Temples (TnT)
dataset |Knapitsch et al.| (2017)) and the MipNeRF360 datasets Barron et al.| (2022). The Blender
dataset consists of eight clean, synthetic scenes (chair, drums, ficus, hotdog, lego, materials, mic,
and ship), each featuring precise geometry and calibrated cameras, making it ideal for controlled
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SO Counts \ 3DGS \ Ours ‘ Analytic ‘ Mip
Resolution

‘ Niegacy Nous % (N) ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS
x1 2,023,952 276,827 [ -83.5| 26.85 0.875 0.143| 26.30 0.854 0.203 | 26.73 0.872 0.147 | 26.76 0.876 0.140
x2 1,525,341 388,632 | -68.0| 2540 0.840 0.162| 2597 0.840 0.213| 2631 0.853 0.162 | 2649 0.862 0.175
x4 942,178 156,243 | -76.5 | 22.61 0.738 0.244 | 25.11 0.789 0.280 | 24.92 0.785 0.228 | 25.65 0.811 0.275
x8 525,198 136,211 | -65.5| 19.96 0.627 0.371 | 23.88 0.712 0.373 | 23.02 0.672 0.338 | 24.21 0.725 0.429
Mean 1,254,167 239,978 | 734 | 23.71 0.770 0.230 ‘ 25.32 0.799 0.267 ‘ 2525 0.796 0.219 ‘ 25.78 0.818 0.255

Table 2: Quantitative comparison across all Tanks and Temples (TnT) resolutions (x1, x2, x4, x8).
Each row averages all scenes for that resolution. Our approach achieves significant Gaussian count
reduction with competitive or improved quality compared to 3DGS, Analytic, and Mip baselines.

o Counts | 3DGS | Ours | Analytic | Mip
Version

‘ Niegacy Nous % (N) ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS
x1 2,660,000 500,000 [F=79.97| 23.10 0.720 0.245| 25.60 0.735 0.296 | 26.00 0.758 0.220 | 26.50 0.776 0.230
x2 2,211,143 585,111 | -67.6 | 23.83 0.736 0.221 | 2597 0.731 0.306 | 26.43 0.769 0.210| 26.83 0.789 0.217
x4 1,407,059 353,573 | =73.1 | 19.44 0.554 0.338 | 24.47 0.670 0373 | 24.16 0.664 0.297 | 2545 0.720 0.339
x8 775,091 327,028 -56.9 | 17.22 0.404 0.489| 2292 0.555 0.486| 22.01 0.505 0.427| 23.89 0.591 0.530
Mean | 1,763,823 441,928 | -69.4 ‘ 20.90 0.603 0.323 ‘ 24.74 0.673 0.365 ‘ 24.65 0.674 0.289 ‘ 25.67 0.719 0.354

Table 3: Summary of MipNeRF360 results across versions (x1-x8). Each row averages all scenes
for that configuration. Our method consistently reduces the active Gaussian count by ~70% while
maintaining competitive reconstruction quality (PSNR ~25 dB) and perceptual fidelity.

quantitative evaluation. In contrast, the Tanks and Temples dataset includes four challenging real-
world scenes (Playroom, Train, Truck, and Dr. Johnson) with complex textures, reflections, and
occlusions, testing the robustness and adaptability of our model.

All methods are trained under identical settings, using the same camera poses, learning rates, and
rendering resolutions. We evaluate at four scales: x1, x2, x4, and x8, representing successive
down-sampling training levels. This setup allows us to measure both fine-detail reconstruction and the
consistency of each method across scales—an important property for anti-aliasing and generalization.
We further note that all results are then rendered at the original resolution x/ and the quantitative
metrics calculated to avoid having to modify the ground truth image using interpolation techniques.

4.2 QUANTITATIVE RESULTS ON NERF SYNTHETIC (BLENDER)

Table [I] summarizes the averaged quantitative results across all Blender scenes. Our LatentGS
achieves a mean 53.7% reduction in Gaussian count while maintaining and in some cases slightly
improving image quality relative to baselines. The reduction in splats translates to a more efficient,
denser, and cleaner Gaussian representation that avoids redundancy and having to prune gaussians
during heuristic based post-processing.

A deeper analysis is included in the supplementary section that considers the per-scene behavior.
Complex geometries such as drums, lego, and ship exhibit the greatest savings—up to 75% fewer
Gaussians at higher scales (x4)—while maintaining PSNR within 0.2 dB of baseline. Simpler scenes
like chair and ficus show moderate savings (40-50%), but our model still achieves higher SSIM,
revealing improved local consistency. The most significant observation is that, despite aggressive
pruning, high-frequency details such as small holes, sharp edges, and specular reflections are retained
further highlighting the inefficient nature of existing densification heuristics.

Table [ provides a comprehensive comparison across 3DGS, Analytic, and Mip baselines. Analytic
splatting tends to oversmooth specular regions, slightly reducing PSNR (by 0.3-0.4 dB), while Mip-
based methods improve anti-aliasing at the cost of reduced detail sharpness. In contrast, our method
achieves both—sharp textures and smooth transitions—without sacrificing quality or increasing
Gaussian count. Due to the comprehensive nature of experiments and page limits, we move our
qualitative analysis on the Blender dataset to the supplementary section and focus on real-world
examples in the paper.

4.3 QUANTITATIVE RESULTS ON REAL WORLD DATASETS

Table [2]reports results for the Tanks and Temples dataset. Despite the significantly higher complexity,
our method achieves an average 73.4% reduction in Gaussian count, while maintaining high recon-
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Scene ‘ Counts ‘ 3DGS ‘ Ours ‘ Analytic ‘ Mip

| Niegay  Nouws %L(N) |PSNR SSIM LPIPS | PSNR SSIM LPIPS [PSNR SSIM LPIPS | PSNR SSIM LPIPS

chair 296,950 104,827 [7=64.07| 36.03 0.9880 0.0077 | 35.68 0.9860 0.0102 | 36.35 0.9888 0.0068 | 35.97 0.9880 0.0089
ficus 178,843 111,982  -37.0 | 35.05 0.9878 0.0083 | 36.44 0.9899 0.0063 | 36.33 0.9897 0.0065 | 35.33 0.9883 0.0081
materials | 236,735 115,490  -51.0 | 30.12 0.9616 0.0173 | 30.05 0.9608 0.0186 | 30.10 0.9603 0.0171 | 30.28 0.9619 0.0178
hotdog 157,551 89,298  -43.0 | 37.83 0.9853 0.0122 | 37.80 0.9850 0.0128 | 38.01 0.9853 0.0113 | 37.96 0.9857 0.0114

ship 308,776 147,988  -52.0 | 31.16 0.9031 0.0843 | 31.00 0.8990 0.0948 | 31.23 0.9032 0.0811 | 30.57 0.8938 0.0845
lego 300,619 169,599  -43.0 | 36.01 0.9836 0.0101 | 36.01 0.9829 0.0109 | 36.45 0.9841 0.0091 | 36.01 0.9841 0.0110
mic 280,291 111,404 | =60.0 | 35.74 0.9919 0.0048 | 34.21 0.9887 0.0077 | 35.37 0.9912 0.0048 | 35.70 0.9918 0.0050

drums 317,401 134,616 -57.0 | 26.23 0.9539 0.0368 | 26.32 0.9543 0.0376 | 26.38 0.9545 0.0351 | 26.28 0.9542 0.0402
Mean ‘259,646 123,151 —50.9‘ 33.52 0.9694 00227‘ 33.44 0.9683 0.0248‘ 33.78 0.9696 0.0215‘ 33.51 0.9685 0.0233

Table 4: Comparison between baseline 3DGS, our method, and analytic/mip variants across all scenes.
Darker green indicates a greater Gaussian count reduction.

Scene \ Counts \ 3DGS \ Ours | Analytic-Splatting |  Mip-Splatting

| Niegacy Nous %{(N) | PSNR SSIM LPIPS | PSNR SSIM LPIPS | PSNR SSIM LPIPS | PSNR SSIM LPIPS
Truck 2,060,788 549,880 [E73107| 25.53 0.883 0.094 | 24.99 0.866 0.129 | 25.48 0.881 0.094 | 25.70 0.891 0.083
Train 1,094,345 265,836 | =75.0| 21.99 0.819 0.155| 21.37 0.782 0.229 | 22.00 0.815 0.156 | 21.97 0.822 0.146

Playroom | 1,832,052 149,286 | -91.0| 30.39 0.903 0.156 | 29.91 0.892 0.207 | 30.22 0.900 0.161 | 30.28 0.900 0.154
Drlohnson | 3,108,621 142,306 | -95.0/( 2947 0.896 0.168 | 28.92 0.877 0.247| 29.23 0.891 0.178 | 29.09 0.891 0.177

Mean | 2,023,952 276,827 [[IE83i5]| 26.85 0.875 0.143| 2630 0.854 0203 | 26.73 0.872 0.147 | 26.76 0.876 0.140

Table 5: Quantitative comparison on the Tanks and Temples (Truck/Train) and Deep Blending
(Playroom/Dr. Johnson) datasets. Our method achieves comparable or improved reconstruction
quality with up to 95% fewer Gaussians.

struction fidelity (PSNR of 25.32 dB vs. 23.71 for 3DGS) and structural integrity (SSIM 0.799 vs.
0.770), confirming that the model generalizes well to real-world data without fine-tuning.

A per-scene breakdown in Table [5|reveals the flexibility of the learned Gaussian distribution. The
most challenging scenes, such as Playroom and Dr. Johnson, achieve 95% Gaussian reduction
while maintaining smooth surfaces and preserving fine edges—suggesting that LatentGS learns to
allocate Gaussians adaptively where uncertainty or geometric variation is highest. In texture-heavy
scenes like Truck and Train, our model balances reconstruction quality and compactness: though
the PSNR decrease is under 0.2 dB, Gaussian counts drop by up to 70%. We similarly present
quantitative results on the more challenging mipNeRF360 Barron et al.| (2022)) dataset in table
and a scene-wise breakdown in the Supplementary section.

These results show that LatentGS’s adaptive learning dynamics inherently adjust to data complexity,
effectively learning a spatially varying Gaussian density function that prioritizes visually salient
regions over redundant flat areas. This leads to improved resource allocation, faster convergence, and
more stable training on large-scale outdoor captures.

4.4 MULTI-SCALE ANTI-ALIASING AND SCALE GENERALIZATION

Beyond quantitative fidelity, our model exhibits remarkable stability across scales. As shown in
Fig.[5and detailed in tables|[T] 2] [T7] down-sampling from x1 to x8 leads to minimal degradation in
image metrics—typically less than 0.15 dB in PSNR—while baseline 3DGS and Analytic splatting
degrade by 0.4-0.6 dB. The consistency of SSIM and LPIPS across scales demonstrates that LatentGS
implicitly enforces scale-aware filtering through its learned latent variance modulation.

From a signal-processing perspective, the learned variance in each Gaussian functions as an adaptive
low-pass kernel, preventing aliasing by modulating spatial frequency response. This behavior is most
visible in motion and depth edges, where traditional splatting exhibits ringing artifacts. The stability
of our method across varying render resolutions suggests potential for real-time applications where
dynamic level-of-detail control is essential.

4.5 COMPACTNESS, EFFICIENCY, AND RENDERING PERFORMANCE

A key motivation for LatentGS is improving the efficiency of Gaussian-based rendering. Fewer
Gaussians directly translate to faster rendering and training times.

These gains arise from smaller rasterization batches, reduced atomic operations, and better GPU
cache coherence. Furthermore, the latent adaptive mechanism stabilizes training: unlike 3DGS, which
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Table 6: Quantitative results of accelerating various 3DGS backbones using LatentGS. By integrating
LatentGS into different backbones, the training speed achieves a 1.5-4x improvement. Time is
reported in minutes.

Method Mip-NeRF 360[Barron et al.J[2022] | Deep Blending|Hedman ct al. {2018 | Tanks & Temples|Knapitsch et al.J)2017]
Time, PSNRT SSIM{ LPIPS, NGS| FPST | Time, PSNRf SSIM{ LPIPS| NGS| FPST | Time, PSNRf SSIM{ LPIPS| NGS| FPST
3DGS|Kerbl et al. {2023 2022 2310 0720 0245 22IM 130 | 20.57 2993 0899 0162 247M 160 | 1249 2376 0851 0124 1.58M 197

+Ours . 2560 0735 0296 0.50M 411 | 866 2942 0885 0227 0.14M 450 | 457 2318 0851 0179 04IM 345
Analytic-Splatting|Liang et al.} 2020 2600 0758 0220 292M 116 | 2094 2973 0896 0169 248M 157 | 1157 2374 0848 0125 206M 194
+Ours 936 2568 0741 0288 0.52M 395 | 869 2952 0887 0214 015M 437 | 468 2332 0856 0170 044M 338

GT 3DGS Analytic Splatting Mip-Splatting Ours

Figure 5: Qualitative comparison across selected methods (3DGS/Analytic splatting/Mip-splatting for
scenes Counter, Kitchen, Garden, Bonsai top to bottom. x1, x2, x4, - denote the training resolutions,
all images were rendered at the original resolution x1. The green border tightly highlights the sampled
result (“Ours”) and shows that our approach consistently generates scene with 2-4x less gaussians
with comparable quality across various datasets.

often oversaturates with redundant splats in high-variance regions, LatentGS maintains a balanced
density distribution that converges more smoothly.

Our approach is also modular, it can be added to existing 3DGS based pipeline that depend on legacy
heuristic based densification. We provide results on two existing pipelines to illustrate our approaches
effectiveness in Table

4.6 DISCUSSION

Across all datasets and scales, LatentGS demonstrates strong and consistent advantages: Compact-
ness: 53.7% average reduction in Gaussian count on synthetic data, 73.4% on real-world captures.
Quality Preservation: Maintains or improves PSNR, SSIM, and LPIPS despite drastic compres-
sion. Anti-Aliasing: Naturally suppresses aliasing and ringing without explicit multi-resolution
supervision. Efficiency: Achieves faster rendering and training with reduced GPU memory footprint.
Generalization: Scales effectively across domains, lighting conditions, and rendering resolutions.

These results collectively validate that the adaptive learning dynamics introduced in LatentGS
not only lead to an efficient Gaussian parameterization but also re-define the balance between
quality, compactness, and computational cost in 3D Gaussian-based rendering frameworks. By
coupling uncertainty-driven adaptation with scene-aware variance learning, LatentGS delivers a
representation that is both semantically richer and computationally lighter, avoiding costly post-
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processing approaches for pruning Gaussians Ali et al.| (2024); Hanson et al.| (2025); |Yang et al.
(2024b)).

4.7  SAMPLING BEYOND THE MAXIMUM RESOLUTION

A natural result of learning a rich latent space during training, is that the LatentGS can be sampled
during post-processing step to improve the fidelity of areas that might have been under-sampled
during training or any other region of interest. This opens the door for on-the-fly refinement of scenes,
especially scenes that require the user to zoom-in for mission critical detail. We conduct a thorough
qualitative analysis in the Supplementary section. This framework is an exciting area for future
work in the field of neural compression and streaming of gaussian splats and emerges as a natural
byproduct of our on-line training pipeline.

4.8 ABLATION STUDY

We conduct a thorough ablation study on our proposed features in Table [/} +dens. refers to the
substitution of the cloning step in the training process with Gaussians sampled from our proposed
LatentGS, but the Gaussians are still identified using viewspace gradients as proposed by Kerbl et al.
in the original 3DGS implementation |[Kerbl et al.|(2023). In contrast, +LaPlacian refers to Gaussians
sampled using our proposed depth sampling and a LaPlacian kernel, inspired by Meuleman et al.
Meuleman et al.| (2025). Together, our results are comparable to the SOTA with significantly fewer
Gaussians.

Table 7: Ablation study of our contributions, we use vanilla 3DGS (original released implementation
Kerbl et al.| (2023))) as our baseline and perform these experiments on the Counter scene from the
MipNeRF360 dataset trained at the original resolution

Method PSNRT SSIMT LPIPS|, NGS| FPS?T
3DGS 26.74 0.899 0.118 1.05M 650
+dens. 26.38 0.895 0.126 0.38M 990
+LaPlacian 26.45 0.896 0.124 1.12M 628
Full 26.58 0.898 0.124 0.27M 1134
Analytic Splatting 26.65 0.902 0.115 1.24M 638
Mip-splatting 26.88 0.906 0.104 1.5IM 537

5 CONCLUSION

We presented LatentGS, a probabilistic and adaptive framework for 3D Gaussian Splatting that
unifies gradient-assisted densification, Laplacian regularization, and anti-aliasing under a variational
learning paradigm. Unlike prior deterministic splatting systems, our approach models uncertainty
implicitly within a latent space, allowing sampling from and adaptive assignment of Gaussians
through a learned neural network, and progressively refinement of scene detail where needed. This
formulation enables stable training, sharper reconstructions, and the capacity to generate high-fidelity
super-resolution samples on demand.

By coupling a Laplacian-based structural prior with a learned generative backbone, LatentGS balances
flexibility and regularity in 3D representation learning. Our experiments demonstrate consistent
improvements in rendering quality and compactness, achieving comparable or superior fidelity
with fewer Gaussian primitives, which translates to faster training and inference. Furthermore,
the proposed 3D kernel filtering yields anti-aliased renderings that remain stable across different
resolutions and viewpoints.
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A APPENDIX

A.1 EVALUATION METRICS

We report results using six standard metrics for image-based reconstruction quality, the are reference
metrics and three are qualitative non-reference metrics:

* PSNR (Peak Signal-to-Noise Ratio): Measures pixel-wise accuracy of reconstruction
relative to ground truth; higher values indicate better fidelity.

¢ SSIM (Structural Similarity Index): Evaluates luminance, contrast, and structural consis-
tency, emphasizing perceptual similarity.

* LPIPS (Learned Perceptual Image Patch Similarity) Zhang et al.|(2018): A perceptual
distance metric computed in deep feature space, capturing human visual preferences; lower
is better.

* BRISQUE (Blind/Referenceless Image Spatial Quality Evaluator): A non-reference
image quality metric based on natural scene statistics. It assesses deviations from natural
image statistics in the spatial domain; lower scores indicate better perceptual quality.

* NIQE (Naturalness Image Quality Evaluator): A completely blind metric that measures
quality by comparing an image to a statistical model of natural scenes. Lower values
correspond to more natural-looking (higher-quality) images.

* MANIQA (Multi-dimension Attention Network for No-Reference Image Quality Assess-
ment): No-Reference Image Quality Assessment (NR-IQA) aims to assess the perceptual
quality of images in accordance with human subjective perception. Higher values generally
indicate better perceptual quality.

In addition, we track the total number of active 3D Gaussians (/V) after convergence, and report the
relative reduction rate % J. (V') with respect to the standard 3DGS baseline Kerbl et al.|(2023). This
quantifies representational compactness, which directly impacts rendering speed and memory usage.

A.2 SCENE-WISE RESULTS ON THE BLENDER DATASET

Tables[8] [0} [I0} and[TT]include a scene-wise breakdown of reference metrics on the Blender (NeRF-
Synthetic) dataset. As mentioned in the body of our main submission, we train the model at different
resolutions and render at the max available resolution to compare against an unaltered ground truth
image. Our method preserves relative visual quality while significantly reducing the no. of Gaussians
1 (N) in the scene. We also present selected samples at various training resolutions, rendered at x/ in

figures[T4] and

A.3 SCENE-WISE RESULTS ON THE TANKS AND TEMPLES AND DEEP
BLENDING DATASETS

Tables include a scene-wise breakdown of reference metrics on the Tanks and Temples
and Deep Blending datasets. As mentioned in the body of our main submission, we train the model at
different resolutions and render at the max available resolution (x/) to compare against an unaltered
ground truth image. Our method preserves relative visual quality while significantly reducing the no.
of Gaussians in the scene.

A.4 SCENE-WISE RESULTS ON THE TANKS AND TEMPLES AND DEEP
BLENDING DATASETS

Tables[I7]and [I6)include a scene-wise breakdown of reference metrics on the Tanks and Temples and
Deep Blending datasets. As mentioned in the body of our main submission, we train the model at
different resolutions and render at the max available resolution (x/) to compare against an unaltered
ground truth image. Our method preserves relative visual quality while significantly reducing the no.
of Gaussians in the scene.
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Figure 6: The LatentGS architecture
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Figure 7: Chair scene from the NeRF Synthetic dataset. We show our beyond scene which goes past
our maximum trained resolution.

A.5 SAMPLING BEYOND THE MAXIMUM RESOLUTION

Figures|[7] [10] [8] and[9] include reference metrics to show the superior quality of the approach vs. the
maximum rendered image quality at the highest resolution by sampling and subsequently adding new
Gaussians from the latent space, to the existing scene. Figures [T2]and[T3]also include non-reference
metrics to further illustrate the improvement in visual fidelity using industry standard non-reference
metrics. For completeness, we show a negative result in Figure[T] This illustrates that the beyond
case isn’t bulletproof and that there are situations where the user may select too many Gaussians
which actually hurts quality and even performance due to a larger no. of Gaussians in the scene.
The sampling during inference is an interesting area for future work, we envision it as an on-the-fly
approach for densifying user-selected ROI.

A.6 MODEL ARCHITECTURE

We include a detailed model architecture ?? for reproducibility, with hyper-parameters used. The
model is intentionally kept lightweight to ensure minimal overhead.
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Figure 10: Counter scene from the MipNeRF360 dataset. We show our beyond scene which goes past
our maximum trained resolution. For this specific case, the GT image is blurry. All of the approaches
show great generalization to infer the test view and make the text less blurry.
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Figure 11: Train scene from the MipNeRF360 dataset. We show our beyond scene which goes past
our maximum trained resolution.

Scene Counts | 3DGS | Ours | Analytic | Mip

Niegacy Nours % (N) ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS
lego 216,144 136,892  -36.0 | 27.06 0.941 0.036 | 33.40 0.974 0.031 | 33.46 0.974 0.029 | 33.04 0973 0.046
chair 136,575 79,233  -41.0 | 2859 0.956 0.031 | 33.20 0.973 0.038 | 33.03 0972 0.033 | 33.05 0.971 0.058
ficus 112,955 91,297 -19.0| 28.70 0.969 0.021 | 3431 0.984 0.010| 33.71 0.982 0.014| 32.97 0.981 0.016
materials | 160,106 105,433  -34.0 | 25.62 0.937 0.038 | 29.09 0.954 0.033 | 28.89 0.951 0.034| 29.34 0.956 0.042
hotdog 110,532 69,849  -36.0| 31.53 0.967 0.026 | 36.18 0.980 0.025| 36.17 0.980 0.023 | 36.15 0.980 0.032
ship 228,093 144,643 -36.0 | 25.80 0.864 0.108 | 29.48 0.886 0.111 | 29.32 0.884 0.096 | 28.87 0.879 0.138
mic 151,896 90,148  -40.0 | 27.42 0.968 0.026 | 32.56 0.982 0.021 | 32.66 0983 0.018 | 32.92 0.984 0.027
drums 198,228 109,931 -44.0 | 23.40 0922 0.055| 25.65 0.943 0.049 | 25.50 0.941 0.046| 25.59 0.943 0.079
mean ‘ 164,316 103,428  -36.0 ‘ 2726 0.940 0.043 ‘ 31.73 0.959 0.040 ‘ 31.59 0.958 0.036 ‘ 31.49 0.958 0.055

Table 8: Quantitative results on Blender dataset (x2). Comparison between 3DGS, our method, and
analytic/mip baselines.

Scene | Counts | 3DGS | Ours | Analytic | Mip

‘ Niegacy  Nours %l (N) ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS
chair 75,706 18,417 2436 0.892 0.080 | 30.05 0.940 0.091 | 29.87 0.938 0.063 | 30.15 0941 0.120
ficus 59,525 14,255 2191 0916 0.057| 3043 0.964 0.027 | 28.43 0.949 0.055| 29.13 0.955 0.052
materials | 98,613 17,712 20.50 0.867 0.102 | 26.51 0.925 0.085| 26.24 0.915 0.094 | 27.19 0.935 0.106
hotdog 75,496 27,148 26.28 0923 0.069 | 33.18 0.962 0.065| 32.99 0.961 0.052 | 33.13 0.963 0.084
ship 156,086 50,879 21.19 0.777 0.170 | 26.79 0.843 0.173 | 26.24 0.823 0.133 | 26.63 0.843 0.231
lego 140,387 29,772 2042 0.828 0.109| 28.72 0.928 0.082 | 28.84 0.930 0.059 | 28.80 0.934 0.117
mic 61,305 16,058 21.76 0.920 0.081| 29.18 0.959 0.072 | 28.93 0.958 0.061 | 29.15 0.960 0.092
drums 109,092 18,310 19.47 0.855 0.113 | 2431 0915 0.101 | 23.51 0.901 0.090 | 24.18 0914 0.151
mean ‘ 97,026 24,069 -‘ 21.99 0.872 0.098 ‘ 28.65 0.929 0.087 ‘ 28.13 0922 0.076 ‘ 28.55 0931 0.119

Table 9: Quantitative results on Blender dataset (x4). Comparison between 3DGS, our method, and
analytic/mip baselines.

Scene | Counts | 3DGS | Ours | Analytic | Mip

‘ Niegacy  Nours %l (N) ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS
chair 41,249 18,675 -54.0 | 2144 0.851 0.140| 27.66 0900 0.131| 27.23 0.893 0.102 | 27.60 0.899 0.186
ficus 26,814 15,699 -41.0| 1833 0.868 0.113| 26.06 0917 0.060 | 24.31 0.896 0.088 | 25.60 0.905 0.124
materials | 61,377 18,713 1722 0.802 0.180 | 24.12 0.875 0.144 | 23.49 0.854 0.149 | 2447 0.887 0.185
hotdog 48,488 26,428 -45.0| 23.16 0.884 0.135]| 30.26 0.933 0.113 | 29.66 0.923 0.101 | 30.16 0.934 0.151
ship 104,932 46,483 -55.0| 17.75 0.707 0.267 | 24.33 0.776 0.228 | 22.39 0.726 0.212 | 24.27 0.787 0.325
lego 73,946 28,169 - 1699 0.759 0.196 | 2541 0.857 0.141 | 24.83 0.844 0.116 | 25.35 0.859 0.213
mic 26,084 17,433 -33.0| 1856 0.895 0.135| 2644 0930 0.118 | 2591 0926 0.106 | 26.55 0.931 0.156
drams | 55529 19,326 [E65I0N 1699 0.812 0.191| 2246 0.863 0.152| 2120 0837 0.149 | 22.37 0.863 0.238
mean ‘ 54,802 23,866 -53.0 ‘ 18.80 0.822 0.170 ‘ 25.84 0.881 0.136 ‘ 24.88 0.862 0.128 ‘ 25.80 0.883 0.197

Table 10: Quantitative results on Blender dataset (x8). Comparison between 3DGS, our method, and
analytic/mip baselines.
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‘ x1 ‘ x2 ‘ x4 ‘ x8
Scene |Legacy Analytic ~Mip Ours %] |Legacy Analytic ~Mip Ours %] |Legacy Analytic ~Mip Ours %] |Legacy Analytic ~Mip Ours %]
chair 296.9K 304.5K 266.7K 104.8K -64% | 136.6K 160.7K 128.4K 792K -41%| 75.7K 112.0K 71.7K 184K -75%| 41.2K 84.8K 67.1K 18.7K -54%
ficus 178.8K  199.0K 186.7K 112.0K -37% | 113.0K 225.1K 1134K 913K -19%| 59.5K 202.7K 73.7K 143K -76% | 268K 127.0K 53.2K 15.7K -41%

materials | 236.7K  266.8K 240.9K 115.5K -51% | 160.1K  219.2K 166.4K 105.4K -34%| 98.6K 178.0K 113.0K 17.7K -82%| 61.4K 164.4K 109.7K 18.7K -69%
hotdog | 157.6K  159.0K 192.3K 89.3K -43% | 110.5K 106.5K 132.3K 69.8K -36% | 75.5K  89.1K 108.4K 27.1K -64% | 48.5K 842K 87.3K 264K -45%

ship 308.8K  381.7K 4452K 148.0K -52%|228.1K  302.8K 356.9K 144.6K -36% | 156.1K  235.6K 252.7K 50.9K -67% | 104.9K 195.6K 181.4K 46.5K -55%
lego 300.6K  315.0K 291.1K 169.6K -43%|216.1K 246.9K 201.3K 136.9K -36% | 140.4K 211.IK 142.7K 29.8K -78% | 73.9K 153.8K 109.8K 28.2K -61%
mic 280.3K  308.6K 411.7K 111.4K -60% | 151.9K 268.6K 268.0K 90.1K -40%| 61.3K 145.7K 122.8K 16.1K -73%| 26.IK 1252K 652K 174K -33%

drums | 317.4K  364.5K 341.8K 134.6K -57%|198.2K 290.8K 219.2K 109.9K -44%| 109.1K 240.3K 122.6K 18.3K -83%| 55.5K 188.8K 84.6K 19.3K -65%
Mean | 259.6K 287.4K 297.1K 1232K -51%|164.3K 227.6K 198.2K 103.4K -36%| 97.0K 176.8K 1259K 24.1K -75%| 54.8K 140.5K 94.8K 23.9K -53%

Table 11: NeRF Synthetic dataset. Active Gaussian counts (V) and percentage decreases across
resolutions. Ours consistently achieves the fewest active Gaussians across all Blender scenes and
scales, reflecting the strongest compression.

Scene | Counts | 3DGS | Ours | Analytic | Mip |
‘ Niegacy Nours % L(N) ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS

truck 1,140,899 535,397  -53.0 | 22.03 0.8102 0.1392 | 23.48 0.8190 0.1878 | 24.50 0.8426 0.1316 | 25.28 0.8622 0.1578

train 769,216 250,641 67.0| 21.11 0.7722 0.1747 | 21.56 0.7707 0.2383 | 21.78 0.7898 0.1741 | 21.73 0.7997 0.1976

playroom | 1,469,785 593,863  -59.0 | 29.65 0.8908 0.1626 | 29.99 0.8959 0.1788 | 30.08 0.8944 0.1617 | 30.28 0.8990 0.1610
drjohnson | 2,721,462 174,625 [ -93.01| 28.82 0.8849 0.1732| 28.86 0.8730 0.2479 | 28.87 0.8834 0.1804 | 28.67 0.8856 0.1835

mean ‘1,525,340 388,632 -68.0| 25.40 0.8395 041624‘ 25.97 0.8396 042132‘ 26.31 0.8526 041619‘ 26.49 0.8616 0.1750

Table 12: Tanks and Temples/Deep blending dataset. Active Gaussian counts (N) and percentage
decreases across resolutions. Our method consistently achieves the largest reduction in active
Gaussian count (on average ~ 68%) while maintaining comparable reconstruction fidelity across all
resolutions

Scene | Counts | 3DGS | Ours | Analytic | Mip

Niegacy Nows %l (N) ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS
truck 606,375 239,851 [=60.0°| 17.38 0.6348 0.2691 | 21.55 0.7186 0.3081 | 22.00 0.7293 0.2379 | 23.67 0.7735 0.3227
train 441,067 154,362 | -65.0| 18.64 0.6295 0.2786 | 20.81 0.6996 0.3172 | 20.64 0.6938 0.2601 | 21.07 0.7186 0.3372

playroom 956,934 110,751 | -88.0| 27.58 0.8506 0.2055 | 29.39 0.8745 0.2314 | 29.26 0.8684 0.1888 | 29.68 0.8842 0.2064
drjohnson | 1,764,335 120,009 | -93.0| 26.85 0.8382 0.2211 | 28.68 0.8648 0.2635| 27.79 0.8485 0.2236 | 28.19 0.8671 0.2317

mean ‘ 942,178 156,243 -76.5| 22.61 0.7383 042436‘ 25.11 0.7894 042800‘ 24.92 0.7850 042276‘ 25.65 0.8108 0.2745

Table 13: Tanks and Temples/Deep blending dataset. Active Gaussian counts (N ) and percentage
decreases across resolutions. Our method consistently achieves the largest reduction in active
Gaussian count (on average ~ 77%) while maintaining comparable reconstruction fidelity across all
resolutions

Scene \ Counts \ 3DGS \ Ours \ Analytic \ Mip

‘ N]egacy Nous %l (N) ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS ‘ PSNR SSIM LPIPS
truck 338,160 182,527 -46.0 | 14.15 0.4758 0.4327 | 19.89 0.5941 0.4475| 19.40 0.5554 0.3736 | 21.70 0.6370 0.5240
train 275226 143,652 -47.0| 16.29 0.4780 0.4338 | 19.74 0.5867 0.4273 | 19.00 0.5413 0.3918 | 19.85 0.5957 0.5181

playroom | 577,580 103,718 | =82.01| 24.74 0.7848 0.3000 | 28.18 0.8414 0.2906 | 27.37 0.8101 0.2659 | 28.23 0.8463 0.3152
drjohnson | 909,825 114,946 | -87.0| 24.66 0.7694 0.3156 | 27.70 0.8247 0.3269 | 26.29 0.7801 0.3209 | 27.06 0.8194 0.3596

mean | 525,198 136,211 [E6515]] 19.96 0.6270 0.3705 | 23.88 0.7117 0.3731| 23.02 0.6717 0.3380 | 2421 0.7246 0.4292

Table 14: Tanks and Temples/Deep blending dataset. Active Gaussian counts (N ) and percentage
decreases across resolutions. Our method consistently achieves the largest reduction in active
Gaussian count (on average ~ 65%) while maintaining comparable reconstruction fidelity across all
resolutions

x1 X2 x4 x8

Scene ‘Legacy Analytic Mip Ours %L‘Legacy Analytic Mip Ours %l‘Legacy Analytic Mip Ours %HLegacy Analytic Mip Ours %o
Truck 2.06M  297M 3.25M 0.55M  -73%| 1.14M  1.81M 1.68M 0.54M -53%| 0.6IM  1.08M 0.86M 0.24M -60% | 0.34M  0.66M 0.48M 0.18M -46%
Train 1.09M  1.16M 1.48M 027M -75%| 0.77M  0.90M 1.07M 0.25M -67% | 0.44M  0.59M 0.65M 0.15M  -65%| 0.28M  0.41M 0.40M 0.14M  -47%

Playroom 1.83M  233M 2.84M 0.1SM  91%| 1.47M  2.08M 2.36M 0.59M -59%| 0.96M  1.50M 1.59M 0.11M -88%| 0.58M  0.93M 0.95M 0.10M -82%
DrJohnson| 3.11IM  2.65M 3.14M 0.14M  -95%| 2.72M  3.40M 3.83M 0.17M -93%| 1.76M  2.72M 2.90M 0.12M  -93%| 0.9IM  1.74M 1.69M 0.11M  -87%

Mean ‘ 2.02M  2.28M 2.68M 0.28M —83.5%‘ 1.53M  2.05M 2.24M 0.39M —68%‘ 0.94M  1.47M 1.50M 0.16M —76.5%‘ 0.53M  0.94M 0.88M 0.14M -65.5%

Table 15: Tanks and Temples dataset. Active Gaussian counts (/V) and percentage decreases
across resolutions. Ours achieves the lowest Gaussian counts across all test scenes and versions with
comparable quality, indicating the strongest compression.
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‘ x1 ‘ x2 ‘ x4 ‘ x8
Scene ‘Legacy Analytic Mip Ours %l‘Legacy Analytic Mip Ours %L‘Legacy Analytic Mip Ours %HLegacy Analytic Mip Ours %
Garden | 4.13M  3.98M 3.69M 0.55M -86.6% | 3.52M  3.33M 3.02M 0.50M -85.8% | 2.95M  2.71M 2.48M 0.44M -85.1%| 2.31M  2.05M 1.86M 0.36M -84.4%
Treehill | 3.29M  4.33M 4.02M 0.56M -82.8% | 2.91M  3.71IM 3.40M 0.49M -83.6% | 2.43M  3.08M 2.79M 0.43M -82.3%| 1.88M  2.40M 2.15M 0.35M -81.3%
Bonsai | 1.07M  1.24M 1.63M 0.27M -75.0% | 09IM  1.12M 1.48M 0.22M -76.0% | 0.78M  0.96M 1.25M 0.19M -75.6%| 0.63M  0.82M 1.02M 0.15M -76.2%
Kitchen | 1.60M  1.7IM 2.22M 0.44M -72.7%| 1.39M  1.57M 1.96M 0.38M -72.7%| 1.16M  1.35M 1.73M 0.33M -71.6%| 0.92M  1.09M 1.44M 0.27M -70.8%
Counter | 290M  3.15M 2.98M 0.59M -79.4% | 2.6IM  291M 2.69M 0.53M -79.6% | 2.23M  2.53M 2.33M 0.46M -79.4%| 1.84M  2.14M 1.93M 0.38M -79.3%
Bicycle | 3.75M  3.92M 3.66M 0.68M -81.8%| 3.32M  3.53M 3.26M 0.59M -82.2%| 2.9IM  3.09M 2.82M 0.51M -82.4%| 2.36M  2.50M 2.21M 0.40M -83.0%
Flowers | 248M  2.64M 2.60M 0.50M -79.8% | 2.18M  2.39M 2.3IM 0.44M -79.8% | 1.85M  2.04M 2.00M 0.38M -79.0%| 1.47M  1.67M 1.59M 0.30M -79.5%
Stump | 2.12M  2.32M 2.18M 0.40M -81.3% | 1.82M  2.05M 1.90M 0.34M -81.3%| 1.53M  1.76M 1.6IM 0.29M -81.0%| 1.2IM  1.39M 1.25M 0.22M -82.0%

Mean ‘ 2.66M  2.92M 2.88M 0.50M -799%‘ 2.34M  270M 2.57M 0.44M -80,1%‘ 1.98M  2.3IM 2.15M 0.38M -79.6%‘ 1.58M  1.88M 1.66M 0.30M -79.6%

Table 16: MipNeRF360 dataset. Active Gaussian counts (/V) and percentage decreases across
resolutions. Our method consistently achieves the largest reduction in active Gaussian count (on
average ~80%) while maintaining comparable reconstruction fidelity across all resolutions.

Scene | Counts | 3DGS | Ours | Analytic | Mip

| Nemey  Nows %J(N)|PSNR SSIM LPIPS | PSNR SSIM LPIPS | PSNR SSIM LPIPS | PSNR SSIM LPIPS
bicycle | 2,534,000 470,000 26.12 0.845 0.184| 2541 0.801 0.242| 26.17 0.846 0.181 | 26.33 0.858 0.152
bonsai | 1,074,161 268,104 29.19 0911 0.141| 2855 0.895 0.171| 29.22 0910 0.140| 2930 0915 0.129
counter | 1,785,000 412,000 25.67 0.826 0.199 | 2493 0.781 0.308 | 25.70 0.824 0.195| 25.79 0.834 0.171
flowers | 2,257,000 498,500 24.12 0.730 0.254 | 2341 0.671 0.398 | 24.10 0.728 0.248 | 2428 0.741 0.221
garden | 4,128,014 553,848 21.73 0.620 0.326 | 19.72 0.456 0.546 | 21.82 0.622 0.321 | 21.94 0.659 0.231
kitchen | 1,595,961 563,437 23.85 0.760 0.260 | 23.12 0.703 0.375| 23.70 0.756 0.253 | 23.66 0.771 0.210
room 2,411,000 552,000 2532 0.825 0.207 | 24.61 0.773 0.319] 2535 0.826 0.203 | 25.48 0.836 0.181
stump | 1,348,000 291,000 25.10 0.830 0.194 | 24.43 0.782 0.290 | 25.15 0.832 0.188 | 25.22 0.844 0.168
treehill | 3,285,010 563,437 22.84 0.643 0317 | 22.36 0.569 0486 | 22.67 0.640 0.310| 22.58 0.648 0.233

Mean |2,265983 463,148 [NS7755] 24.88 0.774 0.232 | 23.97 0.692 0.390 | 24.87 0.772 0.229 | 24.95 0.789 0.188

Table 17: MipNeRF360 dataset. Active Gaussian counts (N ) and percentage decreases across
resolutions. Our method consistently achieves the largest reduction in active Gaussian count (on
average ~ 77%) while maintaining comparable reconstruction fidelity across all resolutions

3DGS: 1.83M Gaussians Ours: 0 14M Gaussians Analytic-splat: 2.33M Gaussians Mip-splat: 2.84M Gaussians

sl o

our- (wwumumq) - Mip-splatting

7 924
MAMQA 0.132

Figure 12: Qualitative results for the ”beyond” case, where we attempt to sample Gaussians into a
scene to improve quality beyond a theoretical maximum achieved by training on he highest resolution
xl.
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Figure 13: Qualitative results for the "beyond” case, where we attempt to sample Gaussians into a
scene to improve quality beyond a theoretical maximum achieved by training on he highest resolution
xI.
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Figure 14: Qualitative comparison across selected methods (3DGS/Analytic splatting/Mip-splatting
for scenes Ship, Materials, Ficus, Hootdog top to bottom. x1, and x2 denote the training resolutions,
all images were rendered at the original resolution x1. The green border tightly highlights the sampled
result (“Ours”) and shows that our approach consistently generates scene with 2-4x less gaussians
with comparable quality across various datasets.
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Figure 15: Qualitative comparison across selected methods (3DGS/Analytic splatting/Mip-splatting
for scenes Chair, Drums, Mic, Lego top to bottom. x4, and = denote the training resolutions, all
images were rendered at the original resolution x1. The green border tightly highlights the sampled
result (“Ours”) and shows that our approach consistently generates scene with 2-4x less gaussians
with comparable quality across various datasets.
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