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 a b s t r a c t

The introduction of 3D Gaussian Splatting (3DGS) has advanced novel view synthesis by utilizing Gaussians to 
represent scenes. Recent anchor-based 3DGS variants have significantly enhanced reconstruction performance 
by encoding Gaussian point features via anchor embeddings. Despite this progress in reconstruction, it remains 
challenging to further boost rendering performance. Feature embeddings have difficulty accurately representing 
colors from different perspectives under varying lighting conditions, which leads to a washed-out appearance. 
Another reason is the lack of a proper densification strategy that prevents Gaussian point growth in sparsely 
initialized areas, resulting in blurriness and needle-shaped artifacts. To address them, we propose Metamon-GS, 
from innovative viewpoints of variance-guided densification strategy and multi-level hash grid. The densification 
strategy guided by variance specifically targets Gaussians with high gradient variance in pixels and compensates 
for the importance of regions with extra Gaussians to improve reconstruction. The multi-level hash grid, by 
contrast, encodes implicit global lighting conditions, enabling accurate color reproduction across different view-
points and feature embeddings. Our thorough experiments on publicly available datasets show that Metamon-GS 
surpasses its baseline model and other variants, delivering superior quality in rendering novel views. The source 
code of our method is available at https://github.com/sato-imo/metamon-gs.

1.  Introduction

Advances in computer graphics and 3D vision have greatly improved 
the capability to create detailed 3D scenes from 2D images. This ad-
vancement is based on a long history of 3D reconstruction methods, such 
as Structure-from-Motion (SfM) (Snavely et al., 2006; Ye et al., 2024a) 
and Multi-View Stereo (MVS) (Furukawa and Ponce, 2010; Li et al., 
2023; Xu et al., 2024). One of the notable advancements is 3D Gaus-
sian Splatting (3DGS) introduced by Kerbl et al. (2023), which presents 
a different way to represent 3D scenes by utilizing elliptical Gaussian 
functions, also known as Gaussians. 3DGS extends the idea of repre-
senting 3D scenes using primitives similar to other point-based methods 
(Aliev et al., 2020; Gross and Pfister, 2007), which consider Gaussian 
functions as primitives. A Gaussian point is defined by a set of learn-
able features, such as spherical harmonic components, scale, rotation, 
position and opacity. This method allows for a smooth and continuously 
changing representation of the scene, making rendering more efficient 
and serving as a useful tool for reconstructing high-quality 3D scenes. 
Furthermore, a well-reconstructed point cloud can also support a variety 
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of downstream tasks including keypoint extraction (Shao et al., 2024), 
3D object detection (Ding et al., 2024; Li et al., 2025), and point cloud 
encryption (Yang et al., 2024a).

Challenges still exist in enhancing the quality of reconstruction un-
der specific conditions (Kheradmand et al., 2024; Wei et al., 2024; Ye 
et al., 2024b), despite the strides made in creating high-quality new view 
images. The main problem that reduces the quality of reconstruction is 
the failure to densify certain areas with sparse initial point clouds suffi-
ciently. Insufficient Gaussians cannot adequately represent these areas, 
causing the model to get stuck in local minima and resulting in blurred 
and needle-shaped artifacts.

The other challenge is that when light condition changes too sharply 
across different view directions, the appearance in these areas shows 
color degradation and loss of detail.

To address these challenges, we propose Metamon-GS. Our approach 
involves using a variance-guided densification technique to pinpoint ar-
eas that need more Gaussians by analyzing the variance of color gra-
dients. This technique identifies areas that have a high variation in 
color but a low gradient variation in position, effectively pinpointing
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\begin {equation}\begin {gathered} \bar {g}_\mathrm {norm} =\frac {\sum _{k=1}^{M}\sqrt {\left (\frac {\partial L_{k}}{\partial x_{ k}}\right )^{2}+\left (\frac {\partial L_{k}}{\partial y_{k}}\right )^{2}}}M \\ \text {where}\ \frac {\partial L_{k}}{\partial x_{ k}}=\sum _{p}G_{p,k} \end {gathered} \label {Xeqn1-1}\end {equation}
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Gaussians that need to be made denser. By emphasizing color differences 
rather than just position gradients, we can achieve better representa-
tion in areas that were previously not fully reconstructed, addressing 
the shortcomings of smoothing gradients across rendered pixels.

Furthermore, we also address the task of effectively interpreting 
color depending on various perspectives (Gao et al., 2024; Jiang et al., 
2024; Shi et al., 2025; Yang et al., 2024b). Taking inspiration from 
Instant-NGP (Müller et al., 2022), our suggestion is to utilize a hash grid 
for encoding view-dependent features. We consider lighting conditions 
as a global attribute and incorporate directional information, originally 
stored in the anchor embeddings of our baseline, into the hash grid. In 
the MLP input, the view direction vector is replaced with the hash grid 
encoding of the direction vector. This approach leads to more accurate 
view-dependent color decoding.

We conducted extensive experiments on the Mip-NeRF 360 (Barron 
et al., 2022), NeRF Synthetic (Mildenhall et al., 2020), and Tanks & 
Temples (Knapitsch et al., 2017) datasets, aiming to showcase the ad-
vantages of our model over the baseline models. We also performed 
ablation studies to validate the effectiveness of our proposed methods. 
Here are our contributions:

• We propose to use a hash grid to encode lighting conditions, which 
enhances the quality of reconstruction in scenes with intricate light-
ing.

• We propose a novel densification strategy guided by variance of pixel 
gradients to address problems arising from the gradient smoothing of 
rendered pixels. This method is primarily implemented with CUDA 
within the part of code of Gaussian rasterizer.

• Experiments on various datasets show that our approach successfully 
tackles these challenges and outperforms the baseline model.

2.  Related work

2.1.  Neural radiance field

Neural Radiance Fields (NeRF) represent a revolutionary technique 
that has demonstrated exceptional performance in novel view synthe-
sis tasks (Mildenhall et al., 2020; Verbin et al., 2022). NeRF employs 
Multi-Layer Perceptrons (MLPs), to implicitly represent 3D scenes. By 
estimating a radiance field and utilizing volumetric rendering (Drebin 
et al., 1988; Levoy, 1990), NeRF can generate high-quality images from 
new viewpoints.

In recent years, NeRF has achieved significant advancements in 
multi-scale anti-aliasing and efficient scene representations, further en-
hancing rendering quality and practicality. For multi-scale anti-aliasing, 
studies such as Barron et al. (2021, 2022, 2023), Zhang et al. (2020) 
have introduce novel ray sampling strategies and multi-scale feature 
field construction to overcome certain artifacts. Meanwhile, works like 
(Chen et al., 2022; Fridovich-Keil et al., 2023, 2022; Liu et al., 2020) 
leverage tensor factorization and hierarchical sparse voxel structures 
to achieve improvements in training efficiency while preserving recon-
struction fidelity. These advancements further advance NeRF models’ 
rendering quality and practicality significantly. However, NeRF and its 
variants highly rely on ray marching and sampling, as well as the use of 
MLPs to estimate color and opacity, resulting in slow training and infer-
ence speeds. To address these issues, researchers have proposed various 
optimization methods (Chen et al., 2023; Hedman et al., 2021; Müller 
et al., 2022; Sun et al., 2022) aiming to improve the training and infer-
ence efficiency while maintaining rendering quality.

2.2.  3D Gaussian splatting and variants

Recently, the field of novel view synthesis has witnessed significant 
advancements, with 3DGS emerging as a particularly promising tech-
nique. Unlike traditional point-based methods (Guo et al., 2024; Insa-
futdinov and Dosovitskiy, 2018; Kopanas et al., 2021; Lassner and Zoll-
hofer, 2021; Sandström et al., 2023; Yifan et al., 2019; Zhang et al., 

2022), 3DGS represents scene elements using ellipsoids defined by Gaus-
sian functions, encapsulating both shape and color information. These 
ellipsoids, referred to as Gaussians, are characterized by a set of learn-
able features including spherical harmonic components, scale, rotation, 
position, and opacity. The 3DGS pipeline typically begins with the ini-
tialization of Gaussians, derived from sparse point clouds estimated by 
Structure-from-Motion (SfM) methods like COLMAP (Schönberger and 
Frahm, 2016). During training, an adaptive densification mechanism 
is employed to split or clone these Gaussians, allowing for a more de-
tailed scene representation. This process helps generate more Gaussians 
to model finer details in the scene, enhancing the quality of the syn-
thesized views. As a result, 3DGS provides faster rendering speeds and 
produces higher-quality results in novel view synthesis.

Building upon the success of standard 3DGS, researchers have con-
tinued to further enhance its capabilities. One notable advancement was 
the development of anchor-based lightweight variants, such as Scaffold-
GS (Lu et al., 2024) and Octree-GS (Ren et al., 2024). For an anchor 
restricted inside a voxel, there are multiple offset Gaussians associated 
with it, with the features of individual Gaussians being embedded into 
one feature embedding. The densification of Gaussians in these meth-
ods is equivalent to the densification of anchors, which leverages the 
sparsity of local features of Gaussians, reducing the number of trainable 
parameters by decoding the feature embeddings of offset Gaussians with 
several MLPs.

2.3.  Densification strategy

For point-based methods, the initial point cloud often lacks sufficient 
points to fully model complex scenes, thus a densification strategy is 
needed to generate additional points. A probable situation is that the 
initial point cloud is imperfect, which presents the need for a proper 
densification strategy.

3DGS (Kerbl et al., 2023) was designed with an adaptive densifica-
tion strategy utilizing the gradient from the position of points in the 
NDC coordinate. This process involves splitting or cloning operations 
on target Gaussians, enabling more effective modeling of fine features 
and significantly improving the fidelity of reconstructed scenes. Effec-
tive though, this strategy still struggles to densify Gaussians in areas 
with intricate textures, where SfM methods produce insufficient initial 
points, as illustrated in Fig. 1. Several studies have focused on improv-
ing densification strategies. For instance, FreGS (Zhang et al., 2024a) 
enhanced the gradient magnitude in high-frequency areas by incorpo-
rating frequency domain supervision. This allows for more opportuni-
ties for Gaussians to be densified in areas with intricate details but may 
struggle with low-contrast regions. On the other hand, Pixel-GS (Zhang 
et al., 2024b) improved upon the original approach by adjusting the 
average gradient based on the number of pixels rendered by each Gaus-
sian point. This approach prioritizes larger Gaussians for densification, 
improving overall scene coverage, but potentially overlooking smaller, 
yet significant features.

Our Metamon-GS approaches the concept of reconstruction differ-
ently, using pixel color gradients for densification. The method we of-
fer can be used in conjunction with current methods, potentially creat-
ing new possibilities for future research on adaptive densification tech-
niques.

2.4.  View-dependent color

The appearance of a 3D scene can vary significantly depending on 
the viewing angle and lighting conditions, particularly due to surface 
properties like roughness. This phenomenon of view-dependent color 
poses a significant challenge in 3D scene reconstruction and rendering. 
Recent advancements in neural rendering and point-based reconstruc-
tion have made substantial progress in addressing this issue.

NeRF (Mildenhall et al., 2020) incorporated camera orientation as 
an input to its MLP to generate view-dependent colors. This approach, 

Neural Networks 196 (2026) 108349 

2 



J. Su et al.

Fig. 1. In certain areas, the Colmap-generated SfM point cloud is relatively sparse, as indicated by the red box in (a). Utilizing this point cloud as the starting Gaussians 
and implementing the original clone and split density control strategy may lead to certain areas lacking enough Gaussians, ultimately causing an inadequate scene 
reconstruction, as demonstrated in the corresponding region highlighted by the red box in (b). This greatly reduces the overall quality of novel view synthesis, 
especially in areas with intricate geometry or delicate details.

while effective, can be computationally intensive and may struggle with 
large-scale scenes. Several Point-based methods (Fridovich-Keil et al., 
2022; Kerbl et al., 2023; Li et al., 2024; Rakhimov et al., 2022; Sloan 
et al., 2023) utilized spherical harmonics as point features to represent 
view-dependent colors efficiently. Spherical harmonics provide a com-
pact representation of directional data, allowing these methods to cap-
ture color variations across viewing angles with relatively low computa-
tional overhead. Anchor-based variants of 3DGS such as Scaffold-GS (Lu 
et al., 2024) and OctreeGS (Ren et al., 2024) used feature embedding 
of an anchor instead of explicit features to describe Gaussians. In these 
methods, color is decoded by an MLP with feature embedding and view 
direction as input. Effective to some extent though, the use of feature 
embedding and MLPs for encoding view-dependent colors has shown 
limitations in capturing the complexity of lighting conditions.

To address this, our Metamon-GS develops a novel approach inspired 
by Instant-NGP (Müller et al., 2022), utilizing a hash grid for encoding 
view-dependent features. We treat lighting conditions, which are previ-
ously stored in anchor embeddings, as a global attribute and incorporate 
directional information into the hash grid. The view direction vector in 
the MLP input is substituted with the hash grid encoding of the direc-
tion vector within our approach. Our method improves view-dependent 
color decoding accuracy by incorporating lighting conditions into a hash 
grid.

3.  Method

Here, we propose Metamon-GS to address the aforementioned lim-
itations, where Fig. 2 provides an overview of our approach. We first 
briefly review the original 3DGS densification strategy, conducting a 
pre-experiment to analyze the mean and variance of the color gradi-
ent of Gaussians. Then we introduce our Variance-Guided Densification 
strategy, explaining how it leverages the variance of color gradients. 
Finally, we present our Lighting Hash Encoder, which employs a hash 
grid to encode lighting information, enabling more accurate modeling of 
complex lighting conditions compared to original view direction inputs.

3.1.  Densification in 3D Gaussian splatting

The original Gaussian densification strategy assumes that when a 
Gaussian point cannot fit the rendered pixels well, the point tends to 
shift its position due to a high backpropagated gradient on the Nor-
malized Device Coordinates (NDC) position. The decision to densify the 
Gaussian point depends on the average gradient magnitude across vis-
ible viewpoints during the densification period. This strategy can be 

described as:

𝑔̄norm =

∑𝑀
𝑘=1

√

(

𝜕𝐿𝑘
𝜕𝑥𝑘

)2
+
(

𝜕𝐿𝑘
𝜕𝑦𝑘

)2

𝑀

where
𝜕𝐿𝑘
𝜕𝑥𝑘

=
∑

𝑝
𝐺𝑝,𝑘

(1)

where 𝑀 is the number of viewpoints, 𝐺𝑝,𝑘 is the gradient from the 𝑝
th pixel the Gaussian 𝑘 rendered and (𝑥, 𝑦) is the NDC coordinate of the 
point. A Gaussian is selected to split and clone when its 𝑔̄norm exceeds 
the threshold 𝜏th.

This approach is effective in many cases, but it does not effectively 
concentrate when the backpropagated gradients from various pixels 
within the Gaussian’s covered area evenly affect its position in different 
directions. The resulting gradient from adding up these individual pixel 
gradients is quite small to reach the threshold, preventing the Gaussian 
point from splitting.

We illustrate these two instances of under-reconstructed that occur 
during the implementation of adaptive Gaussian densification using po-
sitional gradient. In the first scenario, as depicted in Fig. 3(a), the pixel 
gradients converge coherently, leading to a significant Gaussian posi-
tional gradient that facilitates densification. However, as illustrated in 
Fig. 3(b), this assumption that under-reconstructed Gaussians exhibit 
high gradients fails to hold in certain scenarios. The gradients diverge, 
causing the Gaussian positions to be optimized in different directions. 
This is because the Gaussian covers a specific area with intricate tex-
tures. The divergence of gradients causes a decrease in the overall posi-
tional gradient following the weighted sum, preventing the Gaussian 
from reaching the necessary threshold for proper densification. The 
quality of rendering descends when there are no enough representative 
Gaussians.

To validate our hypothesis, we conduct experiments by adjusting 
the CUDA differential rasterization pipeline. We compute the mean and 
variance of the color gradients of Gaussians to track how these statistics 
change during training process. Results are shown in Fig. 4. The find-
ings indicate that many Gaussians still exhibit diverse color gradients, 
even when the training process reaches 15,000 steps, suggesting that 
the rendered pixels do not fit well.

This analysis highlights the difficulties presented by intricate tex-
tures, as the inconsistency in pixel gradients makes it difficult to densify 
and fit effectively. This observation also intuitively matches the charac-
teristics of areas that have not been fully reconstructed as perceived by 
humans. Although current densification methods prioritize improving 
gradients in high-frequency or inadequately fitted regions to facilitate 
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Fig. 2. Overview of Metamon-GS. Our method enhances 3DGS with two key innovations: (1) Integration of view-direction aware hash encoding to learn view-
dependent features, e.g., lighting condition, and (2) A variance-guided densification strategy based on variance of color gradient during backpropagation. We first 
interpolate view-dependent feature embedding from a hash grid, concatenate them with anchor embeddings, and then feed them into the color MLP. Other features 
are decoded similarly to Scaffold-GS. This strategy, combined with our novel densification strategy, results in more accurate color representation and efficient 
Gaussians for scene representation.

Fig. 3. Pixel-wise gradients and overall gradients of Gaussians under two dif-
ferent cases of under-reconstruction. (a) In an ideal scenario, gradients of pixels 
consistently converge, forming a high Gaussian positional gradient, which al-
lows effective densification. (b) In contrast, in a scenario with complex textures, 
gradients diverge in different directions, resulting in a lower Gaussian positional 
gradient, hindering proper densification.

the satisfaction of densification criteria, there is still a lack of statistical 
approach to tackling this problem.

3.2.  Variance-guided densification

Conventional densification in 3DGS relies on positional gradient 
magnitude to trigger Gaussian splitting or cloning. However, this ap-
proach faces limitations in regions with intricate textures or complex 
color patterns. In such areas, although individual pixels may exhibit 
high color variance, the positional gradients tend to average out across 
variant pixels, thereby masking the underlying need for densification 
and potentially leaving textured regions under-represented.

To address this limitation, we propose a Variance-Guided Densifica-
tion (VGD) approach that directly monitors color gradient variations 
during the rendering process. Our key insight is that regions requir-
ing densification often exhibit higher variance in pixels’ color gradi-

Fig. 4. Pre-experiment on 3D-GS with our proposed VGD strategy. We employ 
an identical starting point for the reconstruction process. After 600 iterations, 
the curves for 3D-GS with VGD begin to disperse significantly from those with-
out VGD. For 3D-GS w/o VGD, the curves of high gradient variance (blue and 
yellow) remain relatively high as the densification strategy progresses. For 3D-
GS without VGD, the high gradient variance curves (blue and yellow) remain 
relatively elevated as the densification strategy progresses. In contrast, for 3D-
GS with VGD, the corresponding high gradient variance curves decrease rapidly, 
while the low gradient variance curves (green and red) show an increase. These 
results show that our suggested method of densification successfully decreases 
color discrepancies among pixels in Gaussians.

ents, even when their averaged positional gradients appear relatively 
low. By tracking this variance, we can better identify areas where a sin-
gle Gaussian point inadequately represents the local color distribution 
complexity.

3.2.1.  Variance computation during backpropagation
Our method computes the mean and variance of pixel gradients for 

each Gaussian point during the rasterization backpropagation process. 
We employ an iterative updating scheme that efficiently accumulates 
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Fig. 5. Illustration of Lighting Hash Encoder projected into 2D. (a) We index the hash grid by Distant Gaussians are normalized and projected onto a unit sphere. The 
vertices of the hash grid cells intersected by this unit sphere represent the hash grid parameters that will be optimized during training. This allows for the effective 
encoding of view-dependent lighting information.

statistics across all pixels rendered by each Gaussian:
𝜇̂𝑛+1 = 𝜇̂𝑛 + 𝛽𝑛+1(𝑔𝑛+1 − 𝜇̂𝑛) (2)

𝜎̂2𝑛+1 = (1 − 𝛽𝑛)𝜎̂2𝑛 + 𝛽𝑛+1(𝑔𝑛+1 − 𝜇̂𝑛)2 (3)

Here, 𝑛 denotes the index of the pixel rendered by the Gaussian, 𝛽𝑛 = 1∕𝑛
provides the incremental weighting, and 𝑔𝑛 represents the backpropa-
gated gradient of the 𝑛-th pixel. We perform these calculations sepa-
rately for each RGB channel to capture color-specific variations, then 
compute the total variance by summing across all channels to obtain a 
comprehensive measure of the Gaussian’s metric for densification.

Our appraoch leverages the existing CUDA rasterizer implementa-
tion, computing gradient statistics during the standard backpropagation 
pass with minimal computational overhead. This design ensures that 
variance tracking integrates naturally into the 3DGS pipeline without 
significant performance impact.

3.2.2.  Integration with adaptive densification
To seamlessly integrate our variance-based criterion with the exist-

ing densification framework, we combine it with the original positional 
gradient threshold through a scaled comparison. The final densification 
criterion becomes:
𝛾𝐷̄ + 𝑔̄norm > 𝜏th (4)

where the average variance 𝐷̄ is computed across multiple views:

𝐷̄ =
∑𝑀

𝑘=1 𝜎̂
2

𝑀
(5)

Here, 𝑀 represents the number of views rendered within the densi-
fication interval, and 𝛾 is a scaling factor that balances the contribution 
of variance-based and gradient-based criteria.

3.3.  Lighting hash encoder

Existing neural rendering approaches face significant challenges 
in modeling complex view-dependent appearance effects. Point-based 
methods, such as 3DGS, employ spherical harmonics to represent color 
variations across viewing directions, effectively capturing various pho-
tometric effect.

Anchor-based methods like Scaffold-GS decoding implicit feature 
embeddings alongside viewing directions to generate view-dependent 
colors for attached Gaussians. While the constrained dimensionality of 
anchor feature embeddings fundamentally limits the model’s ability to 
accurately represent complex lighting conditions across diverse view-
points.

Table 1 
Comparison with different novel view synthesis methods across three public 
datasets (Mip-NeRF 360 Barron et al., 2022, Tanks&Temples Knapitsch et al., 
2017, and Deep Blending Hedman et al., 2018). Results are presented in SSIM 
(Wang et al., 2004), PSNR, and LPIPS (Zhang et al., 2018).
 Method  Mip-NeRF360  Tanks&Temples  Deep Blending

 SSIM↑  PSNR↑  LPIPS↓  SSIM↑  PSNR↑  LPIPS↓  SSIM↑  PSNR↑  LPIPS↓
 INGP-Base  0.671  25.30  0.371  0.723  21.72  0.330  0.797  23.62  0.423
 INGP-Big  0.699  25.59  0.331  0.745  21.92  0.305  0.817  24.96  0.390
 M-NeRF 360  0.792  27.69  0.237  0.759  22.22  0.257  0.901  29.40 0.245
 3DGS 0.870 29.07 0.184  0.841  23.14  0.183  0.881  28.92  0.287
 Scaffold  0.848  28.84  0.220  0.853 23.96 0.177 0.906 30.21  0.254
 Ours  0.876  29.52  0.171 0.850  24.03  0.176  0.912  30.40  0.230

Table 2 
Ablation studies on our proposed light encoding and densification strategy. 
Variance-guided densification adds sufficient Gaussians to better reconstruct 
the scene and Hash Grid Encoded Lighting enables better color representation 
considering different view directions.

 Method  SSIM↑  PSNR↑  LPIPS↓
 Base  0.848  28.84  0.220
 Base+LHE  0.870  29.34  0.187
 Base+LHE+VGD  0.876  29.52  0.171

To address these limitations, We propose leveraging hash grid en-
coding to efficiently learn scene lighting information as illustrated in 
Fig. 5. Hash grids provide a compact yet expressive representation by 
mapping complex spatial data into hash tables, enabling efficient stor-
age and rapid querying of lighting parameters.

3.3.1.  Implementation of hash grid
Our hash grid follows a computational approach similar to other 

works, consisting of three steps:

1) View Direction Computation: For each Gaussian anchor point 𝑖, 
we compute the normalized view direction vector as:

𝐯 =
(𝑋𝑐𝑎𝑚 −𝑋𝑎𝑛𝑐ℎ𝑜𝑟)
‖𝑋𝑐𝑎𝑚 −𝑋𝑎𝑛𝑐ℎ𝑜𝑟‖

(6)

where 𝐗𝑐𝑎𝑚 represents the camera position and 𝐗𝑎𝑛𝑐ℎ𝑜𝑟, 𝑖 denotes 
the anchor position. The resulting vector 𝐯𝑖 lies on the unit sphere 
(𝐯𝑖 ∈ [−1, 1]3, |𝐯𝑖| = 1), defining the domain of our lighting function.
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Fig. 6. Comparison on multiple datasets. We conducted extensive experiments on diverse datasets including indoor, outdoor, and object-centric datasets. Results 
show that our method outperforms the predecessor, providing better rendering effects for texture details.

2) Spatial Hashing: We discretize the view direction space and apply 
a hash function to convert continuous vectors into discrete indices:

ℎ(𝐱) =
(⌊

𝑥
𝑠𝑥

⌋

,
⌊

𝑦
𝑠𝑦

⌋

,
⌊

𝑧
𝑠𝑧

⌋)

mod 𝑀 (7)

where 𝑠𝑥, 𝑠𝑦, and 𝑠𝑧 are the minimal resolutions of current level and 
𝑀 is the size of the hash table. These indices can quickly locate 
relevant cells in the hash grid.

3) Trilinear Interpolation: To obtain smooth lighting values at arbi-
trary view directions, we employ trilinear interpolation among the 
eight nearest grid vertices. This ensures continuous color transitions 
and eliminates discretization artifacts.

Once the interpolated embeddings are generated, they are concate-
nated with the anchor embeddings and fed into the decoder MLP to 
produce the final Gaussian features.

3.3.2.  Regularization
Although the hash grid is effective for encoding light conditions, it 

tends to overfit the training views. Overfitting can result in inadequate 
generalization when used on test samples, which can reduce the model’s 
reliability and precision. We add random noise to the view direction 
vector to ensure the generalization of our model. This helps to achieve 
a more seamless and consistent color response within the actual viewing 
directions, thus mitigating the risk of overfitting and promoting better 
performance on test data.

4.  Experiments

4.1.  Experimental setup

Dataset We evaluate our method on a diverse range of scenes from 
three primary datasets: Mip-NeRF 360 (Barron et al., 2022), Tanks & 
Temples (Knapitsch et al., 2017). and DeepBlending (Hedman et al., 

Neural Networks 196 (2026) 108349 

6 



J. Su et al.

Fig. 7. Qualitative results on variance guided densification. After incorporating our proposed VGD method, most of the previously blurred plant details in the 
background and the lower edge of the door frame have been reconstructed and restored. Our method significantly suppresses visually prominent reconstruction 
artifacts, thereby improving overall image quality and visual fidelity.

Fig. 8. Qualitative results on light hash encoder. The incorporation of LHE significantly enhances the visual quality of the LEGO construction vehicle model. 
Specifically, the glossiness rendering on the upper and lower surfaces of the handwheel appears more realistic and natural. Regarding color reproduction, our 
method exhibits superior accuracy with reduced color deviation. For instance, the gray color of the wheel rim is rendered as a realistic light gray rather than a 
dark gray in our approach, while the yellow building blocks in the background display a true bright yellow tone instead of an orange-tinted yellow, demonstrating 
improved color fidelity.

2018). This comprehensive selection includes both real-world and syn-
thetic environments, encompassing indoor and outdoor scenes with 
varying levels of complexity. The MipNeRF-360 dataset provides seven 
real-world scenes with challenging view distributions, while NeRF Syn-
thetic offers controlled synthetic scenes ideal for baseline comparisons. 
Tanks & Temples contributes large-scale real-world scenes with intri-
cate geometries, and DeepBlending adds diversity with its unique cap-
ture methodology. These varied datasets allow us to test the general-
ization ability of our method across different scene types and capture 
conditions. Following the protocol established in Mip-NeRF360 (Barron 
et al., 2022), we designate every eighth image as part of the test set, 
utilizing the remaining images for training, ensuring a consistent and 
fair evaluation across all methods.

Metrics To quantitatively assess the performance of our novel 
view synthesis method, we employ three complementary metrics: SSIM 
(Wang et al., 2004), PSNR, and LPIPS (Zhang et al., 2018). SSIM

evaluates the structural and perceptual similarity between the synthe-
sized views and ground truth, capturing local patterns of pixel intensi-
ties. PSNR provides a standard measure of reconstruction quality, partic-
ularly sensitive to per-pixel differences. LPIPS offers a perceptual metric 
that aligns well with human visual perception, evaluating differences in 
feature space rather than pixel space. Together, these metrics provide 
a comprehensive evaluation of our method’s ability to generate high-
quality, perceptually accurate novel views.

Implementation We conducted all experiments on an RTX 3090 
GPU, maintaining consistent hyperparameters across all scenes to 
demonstrate the robustness and generalizability of our method. Our ex-
perimental setup encompasses both quantitative and qualitative com-
parisons with existing state-of-the-art novel view synthesis methods, as 
well as detailed ablation studies on our key technical components. These 
studies aim to validate the effectiveness of each component in our pro-
posed Metamon-GS. For modeling lighting, we use an 8-level hash grid 
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with a base resolution of 8, the maximum hash map size is 19. The coef-
ficient 𝛾 we adopted is 211. We set 𝜏th to 0.0004 following our baseline 
model.

4.2.  Results

In our comparative experiments, we evaluated our approach against 
several leading methods across 11 real-world scenes sourced from three 
aforementioned datasets, providing a comprehensive benchmark of 
our method’s capabilities in diverse real-world scenarios. We compare 
our model with 4 predecessors, including Mip-NeRF 360, Instant-NGP 
(Müller et al., 2022), 3DGS (Kerbl et al., 2023), and Scaffold-GS (Lu 
et al., 2024). As shown in Table 1, our method outperforms these pre-
decessor approaches. The results demonstrate that our method surpasses 
the state-of-the-art model by 0.45 dB in PSNR on Mip-NeRF360 dataset.

Rendering results presented in Fig. 6 clearly demonstrate that our 
model exhibits remarkable perception capabilities for environmental 
light changes, such as the reflections of the environment on the sur-
faces of table and cabinet, as well as for complex textures, like the sharp 
edges on leaves and grassland. Our model shows a strong capability in 
modeling intricate details, and its scene reconstruction ability has sig-
nificantly surpassed that of the baseline and other advanced models.

4.3.  Ablation study

We conducted an ablation study to evaluate the effectiveness of the 
separate parts of our proposed method on the Mip-NeRF 360 (Barron 
et al., 2022) dataset. Mip-NeRF 360 is a widely-used dataset in the field 
of 3D reconstruction, featuring diverse scenes and complex textures, 
which provides a challenging environment to test the robustness and 
effectiveness of our method.

We evaluated the variance-guided densification strategy and found 
that it effectively facilitated the Gaussians to densify in areas with com-
plex textures. In complex-textured regions, the variance of pixel color 
gradients is typically high. By analyzing this variance, our strategy can 
precisely identify these areas and allocate more Gaussians, enhancing 
the overall fitting to the scene. This improvement also led to an increase 
in rendering quality. Rendering results are demonstrated in Fig. 7.

Results are presented in Table 2. In terms of evaluation metrics, the 
proposed LHE achieved an improvement in PSNR by 0.18 dB, and a re-
duction in LPIPS by 0.016. Qualitative result is shown in Fig. 8. These 
improvements can be attributed to the unique design of LHE. By us-
ing a hash grid to encode lighting information and considering lighting 
conditions as a global attribute with directional information, LHE can 
better capture the complex lighting variations in the scene. This enables 
more accurate color representation under different view directions, thus 
contributing to the overall improvement in rendering quality.

Overall, our ablation study demonstrates the effectiveness of both the 
variance-guided densification strategy and the Lighting Hash Encoder in 
enhancing the performance of our proposed method on the challenging 
Mip-NeRF 360 dataset.

5.  Conclusion

We have introduced a new method for identifying Gaussians that 
need to be densified, which is based on the variance of color gradi-
ents in pixels generated. This method corresponds to how humans per-
ceive blurriness in areas that are not well-fitted. Furthermore, a view-
dependent hash grid feature is implemented to substitute the view direc-
tion vector input of the color MLP, reducing the uncertainty in modeling 
intricate lighting for Gaussian anchors. The results of the experiment 
show that our new method is effective, outperforming other methods 
in novel view synthesis tasks. Our model generates high-quality images 
with enhanced detail and fewer defects when compared to current meth-
ods.

However, our approach exhibits some limitations. The view-
dependent modeling remains sensitive to extreme viewpoint variations 
beyond the training distribution, occasionally causing color inconsis-
tency in under-observed regions. Additionally, the densification criteria 
require careful parameter tuning for scenes with complex multi-scale 
structures, as aggressive densification could accidentally lead to unnec-
essary Gaussian growth in textureless regions. Furthermore, with the 
modification of MLP and the introduction of hash grid in LHE, the origi-
nal SIBR_viewer is no longer compatible with Metamon-GS. To visualize 
the reconstruction, a dedicated version of the viewer still needs to be de-
veloped.

Future work will focus on two directions: first, developing a 
geometry-aware optimization to improve robustness against extreme 
perspective variations, and second, designing self-adaptive densification 
criteria capable of automatically adjusting to local structural complex-
ity. These advancements will further strengthen the practicality of Gaus-
sian splatting in real-world 3D Reconstruction.
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