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Abstract

3D Gaussian Splatting (3DGS) has demonstrated impressive
Novel View Synthesis (NVS) results in a real-time render-
ing manner. During training, it relies heavily on the average
magnitude of view-space positional gradients to grow Gaus-
sians to reduce rendering loss. However, this average oper-
ation smooths the positional gradients from different view-
points and rendering errors from different pixels, hinder-
ing the growth and optimization of many defective Gaus-
sians. This leads to strong spurious artifacts in some ar-
eas. To address this problem, we propose Hard Gaussian
Splatting, dubbed HGS, which considers multi-view signif-
icant positional gradients and rendering errors to grow hard
Gaussians that fill the gaps of classical Gaussian Splatting
on 3D scenes, thus achieving superior NVS results. In de-
tail, we present positional gradient driven HGS, which lever-
ages multi-view significant positional gradients to uncover
hard Gaussians. Moreover, we propose rendering error guided
HGS, which identifies noticeable pixel rendering errors and
potentially over-large Gaussians to jointly mine hard Gaus-
sians. By growing and optimizing these hard Gaussians, our
method helps to resolve blurring and needle-like artifacts. Ex-
periments on various datasets demonstrate that our method
achieves state-of-the-art rendering quality while maintaining
real-time efficiency, yielding LPIPS improvements of 5.1%,
19.7% and 6.3% on Mip-NeRF360, Tanks&Temples and
Deep Blending, respectively.

Code — https://github.com/GhiXu/HGS

Introduction

Novel View Synthesis (NVS) is a fundamental task in com-
puter vision and graphics, with wide applications in virtual
reality, robotics and media generation. In the past few years,
Neural Radiance Field (NeRF) (Mildenhall et al. 2021) has
made significant advances in NVS. It adopts neural im-
plicit representations to model 3D scenes via volume ren-
dering (Max 1995). Generally, NeRF-based works (Barron
et al. 2021, 2022; Miiller et al. 2022) require ray marching
for volume rendering, which compromises efficiency. Re-
cently, 3D Gaussian Splatting (3DGS) (Kerbl et al. 2023)
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Figure 1: Illustration of the Gaussian growing criterion in
3DGS (Kerbl et al. 2023). g; ; denotes the positional gradi-
ent of Gaussian G; under viewpoint j. The rendering loss un-
der viewpoint j, L;, is computed by averaging the rendering
errors {e, } of all pixels P. Larger gradients and rendering
errors are smoothed by the average operation.

combines a point-based explicit representation, 3D Gaus-
sian, with GPU-friendly differentiable rasterization for vol-
ume rendering, achieving impressive real-time NVS results.

3DGS initializes a set of 3D Gassuains from sparse point
clouds produced by Structure from Motion (SfM) (Snavely,
Seitz, and Szeliski 2006) to represent a scene, and gradu-
ally populates empty areas by growing existing Gaussians
(the bottom row of Figures 2(a) and (b)). To select suitable
candidates for growing, 3DGS evaluates whether the aver-
age magnitude of view-space positional gradients of each
Gaussian in a growth interval is larger than a threshold, as
illustrated in Figure 1. This criterion encourages Gaussians
to densify progressively and reconstruct the entire 3D scene.

However, strong spurious artifacts remain in some chal-
lenging regions, such as areas with repetitive textures and
limited observations, as shown in the yellow and blue boxes
in the top row of Figures 2(b) and (c). By observing the cor-
responding Gaussians distribution in the bottom row of Fig-
ures 2(b) and (c), we find that there are very few Gaussians
in these challenging areas. This demonstrates that the grow-
ing criterion, in fact, cannot adequately select suitable can-



(a) Reference

(b) 3DGS

(c) Pixel-GS (d) Ours

Figure 2: Illustration of the relationship between rendering and Gaussians distribution. We show that 3DGS and Pixel-
GS (Zhang et al. 2024) fail to grow Gaussians in some challenging areas, causing artifacts in these areas. In contrast, our
method effectively grows hard Gaussians in these challenging areas to recover 3D scenes, yielding better NVS results.

didates from existing Gaussians for growing, thus limiting
the NVS performance of 3DGS. We define these candidates
as hard Gaussians. Intuitively, the average operation used in
the growing criterion prevents it from reflecting the larger
positional gradients of some viewpoints, as shown in Fig-
ure 1. This leads to rendering inconsistency across views.
Moreover, the rendering loss used to optimize 3DGS indi-
cates the rendering quality of the entire image but fails to
indicate the quality in local image regions. Therefore, the
average magnitude of positional gradients cannot reflect no-
ticeable rendering errors of certain local image regions, es-
pecially when these regions are only observed by few view-
points. These deficiencies prevent 3DGS from growing hard
Gaussians to achieve better NVS in hard-to-learn areas.

To address these issues, we propose Hard Gaussian Splat-
ting, dubbed HGS, to fill the gaps of classical Gaussian
Splatting on 3D scenes. Our key insight is to uncover hard
Gaussians from multi-view significant positional gradients
and rendering errors, and grow these Gaussians for subse-
quent optimization. Specifically, in addition to the original
Gaussian growing criterion, we first present positional gra-
dient driven HGS. This strategy captures k largest positional
gradients for each Gaussian in the growth interval. If the
minimum of these positional gradients exceeds a threshold,
its corresponding Gaussian is deemed as a hard Gaussian
and will grow. This strategy exploits cross-view significant
positional gradients to uncover hard Gaussians, thus allevi-
ating the rendering inconsistency across views.

In addition, we propose rendering error guided HGS. This
strategy first identifies potentially over-large Gaussians that
may cause blurring artifacts in the current training image.
These Gaussians are then projected into the image to calcu-
late pixel rendering errors. If noticeable pixel rendering er-
rors are detected from multiple viewpoints within the growth
interval, the corresponding Gaussian is considered as a hard
Gaussian and will grow. This strategy robustly identifies no-
ticeable pixel rendering errors across views to mine hard
Gaussians, reducing rendering errors in less observed areas.

Through our proposed strategies to grow and optimize
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hard Gaussians, our method helps to resolve blurring
and needle-like artifacts, as shown in Figure 2(d). Exten-
sive experiments on challenging benchmark datasets (Bar-
ron et al. 2022; Knapitsch et al. 2017; Hedman et al.
2018) demonstrate that our method achieves state-of-the-
art rendering quality while maintaining real-time efficiency,
with LPIPS improved by 5.1%/19.7%/6.3% on Mip-
NeRF360/Tanks&Temples/Deep Blending. In summary, our
main contributions are as follows:

* We analyze the deficiencies of Gaussian growing
criterion—it smooths significant positional gradients and
rendering errors of Gaussians. This hinders hard Gaus-
sians growing, causing artifacts in challenging areas.

We propose HGS, which mines hard Gaussians from
multi-view significant positional gradients and render-
ing errors for growing and optimization. This alleviates
cross-view rendering inconsistency and reduces render-
ing errors in less observed regions, significantly improv-
ing rendering performance.

Our proposed HGS is general. In experiments, we show
that it can boost both explicit Gaussian methods (Yu
et al. 2024; Zhang et al. 2024) and neural Gaussian meth-
ods (Lu et al. 2024) to achieve better NVS results.

Related Work

Novel View Synthesis. Early image-based rendering meth-
ods (Chaurasia et al. 2013; Riegler and Koltun 2020;
Kopanas et al. 2021) leverage 3D proxy geometry to gen-
erate novel views from source images. Over the past few
years, NeRF (Mildenhall et al. 2021) has achieved impres-
sive NVS results (Barron et al. 2021; Fridovich-Keil et al.
2022; Verbin et al. 2022; Yu et al. 2021; Reiser et al. 2021)
and advanced other 3D tasks (Poole et al. 2022; Fu et al.
2022; Yi et al. 2024b; Sun et al. 2024; Xu et al. 2024). NeRF
utilizes a multi-layer perceptron (MLP) to model scenes and
leverages ray marching to render images. The expensive
MLP evaluation caused by ray marching hinders real-time
performance. While subsequent methods adopt more effi-
cient representations (Miiller et al. 2022; Sun, Sun, and Chen



2022; Chen et al. 2022) to accelerate the rendering process,
they still struggle with real-time requirements.

Gaussian Splatting. 3DGS (Kerbl et al. 2023) employs
anisotropic Gaussians (Zwicker et al. 2001) to represent 3D
scenes and realizes rendering by differentiable rasterization.
It stands out for its high-quality real-time rendering results
and has been rapidly extended to other 3D tasks, including
surface reconstruction (Yu, Sattler, and Geiger 2024; Huang
et al. 2024), physical simulation (Xie et al. 2024; Zhang et al.
2025; Xu et al. 2025) and 3D generation (Tang et al. 2023; Yi
et al. 2024a). To improve 3DGS, some works tackle aliasing
issues by introducing 3D smoothing and 2D Mip filters (Yu
et al. 2024), multi-scale Gaussians (Yan et al. 2024) and an-
alytic integration (Liang et al. 2024). Scaffold-GS (Lu et al.
2024) builds anchor points to guide the distribution of local
3D Gaussians. Although these methods enhance 3DGS, they
cannot handle strong artifacts in challenging areas.
Blurring Artifacts. Since the 3D Gaussians initialized from
sparse SfM point clouds are too few to describe complete
3D scenes, 3DGS develops a growing strategy for densifi-
cation and better rendering. However, large empty areas re-
main due to gradient collisions (Ye et al. 2024), causing blur-
ring artifacts. To address this, some methods (Yu, Sattler,
and Geiger 2024; Ye et al. 2024) accumulate the norms of
individual pixel gradients or homodirectional positional gra-
dients to better indicate regions with significant reconstruc-
tion errors. Pixel-GS (Zhang et al. 2024) weights the gradi-
ents by the number of pixels each Gaussian covers, dynam-
ically averaging them across views to promote the growth
of large Gaussians. Mini-Splatting (Fang and Wang 2024)
finds that blurry artifacts are more directly related to the ren-
dered index of Gaussians with the maximum contribution to
each pixel. It then splits Gaussians with many rendered in-
dices to reduce these artifacts. The error-based densification
in (Bulo, Porzi, and Kontschieder 2024) computes rendering
errors and reruns rendering to redistribute per-pixel errors
to each Gaussian, increasing computation overhead. In con-
trast, our method mines hard Gaussians from multi-view sig-
nificant positional gradients and rendering errors, and grows
these Gaussians to resolve artifacts.

Preliminaries
3D Gaussian Splatting. 3DGS (Kerbl et al. 2023) repre-
sents a 3D scene with a set of anisotropic 3D Gaussians
{Gil¢ = 1,--- , N} and renders an image using a-blending
with differentiable rasterization. Each Gaussian G; is param-
eterized by a mean vector pu; € R3*!, covariance matrix
3, € R3*3, color ¢; € R3*! and opacity a; € R as:

Gi(x) = exp(— 5 (x — ) S (x— ), (D

where x is a spatial point within the 3D scene. To render an
image from viewpoint j, the 3D Gaussian G; is first splatted
to the 2D image plane as a 2D Gaussian G2, and then -
blending is employed to compute the color of pixel w as:

N i—1
c(w) = Y wies, wi = G (w) [T (1 - ang2P (w)).
i=1 k=1

@
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Through differentiable rasterization, all the attributes in 3D
Gaussians are optimized by the rendering loss. 3DGS de-
signs an adaptive density control mechanism for Gaussian
growing, adding new Gaussians where significant Gaussians
are found.

Scaffold-GS. As a neural Gaussian method, Scaffold-
GS (Lu et al. 2024) introduces anchor points to distribute
local 3D Gaussians. Each anchor is associated with a loca-
tion x € R3 and anchor attributes 4 = {f € R*21 ¢
R3, 0 € RE*3}, where each component represents anchor
context feature, scaling factor and offsets, respectively. The
positions of K neural Gaussians are calculated as:

3

The properties of neural Gaussians are decoded from the an-
chor attributes, and then used for a-blending to render im-
ages. During the Gaussian growing stage, Scaffold-GS con-
structs voxel grids to find significant neural Gaussians and
grow their corresponding anchor points.

{/-l/la"' 7I~I’K}:m+0l

Deficiencies in Gaussian Growing

Both explicit and neural Gaussian methods initialize Gaus-
sian/anchor points from sparse point clouds of SfM, which
cannot completely model a 3D scene. To make explicit/neu-
ral Gaussians better represent the scene, Gaussian growing is
applied to densify existing Gaussians gradually. Since both
methods leverage significant Gaussians for Gaussian grow-
ing, we detail how to find significant Gaussians below.

Specifically, one Gaussian will be deemed significant
when its average view-space positional gradient over M
training iterations (one growth interval) satisfies:

2.5 llgisll

n

> Tgrads (4)
where g; ; denotes the view-space positional gradient of
Gaussian G; under viewpoint j, n is the total number of
viewpoints that Gaussian G; participates in the calculation
during the M iterations, and Ty,q is the gradient threshold.
We decompose the above equation into:

oy >

-
Gi,5 € Glarger 9i,5 € Gsmaller

Hgle + ||gzg||) Z Tgrad7 (5)

where Ggmalier and Giarger denote the set of smaller and larger
gradients, respectively. In Eq. (5), Gsmaner typically dom-
inates, hindering some individual larger view-space posi-
tional gradients from driving Gaussians to grow, as shown in
Figure 1. This makes Gaussian growing focus on most easy-
to-learn viewpoints and ignore some hard-to-learn view-
points, leading to cross-view rendering inconsistency.
Moreover, the above g; ; is computed by:

- _ oL
gij = aﬂi,j7

- ZuePeu
L

where L; denotes the rendering loss under viewpoint j, p; ;
is the pixel-space projection point of Gaussian G; under
viewpoint j, P is the total pixel coordinates, and e, is the
rendering error of pixel u. As L; indicates the rendering

(6)
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(a) Ground Truth b) Rendered image (3DGS)

_) n index (d) Potentially over-large Gaussians (e) Hard Gaussians
Figure 3: Visual analysis of rendering error guided HGS. (a) Ground truth image. (b) Rendered image by 3DGS. (c) Rendered
index of Gaussians with the maximum contribution to each pixel. (d) Projection points of potentially over-large Gaussians. (e)
Projection points of hard Gaussians. Potentially over-large Gaussians may indicate false positives for Gaussian growing while
hard Gaussians alleviate this (the blue boxes in (d) and (e)).

quality of the entire image instead of local image regions, where sort| denotes descending sort. Then, we mine hard

the resulting average view-space positional gradient fails to Gaussians if the k-th largest positional gradient satisfies:

reflect larger local rendering errors. This prevents Gaussians ,

from growing in regions with larger local i 1951 = ATgraa, ®)
growing in regions with larger local rendering errors. %, g

Thus, we define Hard Gaussians as Gaussians whose aver-
age view-space positional gradient underestimates rendering
errors for specific views, causing spurious artifacts.

One straightforward way to alleviate the above problems
is to lower 7Tgaq to encourage more Gaussians to grow.
However, as pointed out in (Zhang et al. 2024; Ye et al. Rendering Error Guided HGS
2024), lowering Tgrag Will prioritize densifying the well-
reconstructed areas. This will introduce redundant Gaus-
sians in these areas and cannot effectively reduce artifacts
(see the Supplementary for more analysis). Note that, al-
though AbsGS (Ye et al. 2024) improves the calculation of
gi; (Eq. (6)) in an absolute way and Pixel-GS (Zhang et al.
2024) uses the number of pixels covered by Gaussians as the
weight of g; ; (Eq. (4)), they do not directly identify signif-
icant e,, or g; ; in partial views to grow the corresponding
Gaussians, limiting their rendering performance.

where A is a constant that controls the extent of excavation.
By growing these hard Gaussians, the larger reconstruction
errors under some individual viewpoints can be reduced.
This facilitates the rendering consistency across views.

By delving into the calculation of view-space positional gra-
dient (Eq. (6)), we know that it is the gradient of the aver-
age rendering error with respect to the view-space projection
point. Therefore, the view-space positional gradient cannot
effectively reflect the reconstruction errors of some local im-
age regions, especially when these regions are only observed
by few viewpoints. To resolve this, we introduce Rendering
Error guided HGS (REHGS) to link hard Gaussians with lo-
cal rendering errors. However, as pixel rendering errors en-
tangle contributions from multiple Gaussians (Eq. (2)), it is
challenging to establish this link.

To this end, we leverage the Gaussians with the maxi-

Hard Gaussians Splatting—-HGS

To address the problems analyzed above, we propose Hard mum contribution to correlate pixel rendering errors. Specif-
Gaussian Splatting, dubbed HGS, to uncover hard Gaussians ically, for pixel w, its rendered index is defined as idx(u) =
from multi-view significant positional gradients and render- arg maxw;. This considers the maximum Gaussian con-

ing errors. In this way, our method can grow and optimize
these hard Gaussians to recover more complete 3D scenes,
thereby improving rendering quality.

tribution in a-blending, thus reflecting the relationship be-
tween pixel rendering errors and Gaussians to some extent.
On this basis, Gaussian G; has the maximum rendering con-
Positional Gradient Driven HGS tribution on these pixels S; = {ulidx(u) = i,u € P}.
To detect noticeable local rendering errors rather than out-
lier pixels, we first identify potentially over-large Gaussians
based on the size of .S;. One Gaussian will be considered po-
tentially over-large and prone to blurring artifacts if it meets
the following condition (Fang and Wang 2024):

The view-space positional gradient reflects the overall image
reconstruction quality under a certain viewpoint. The orig-
inal Gaussian growing criterion averages the n view-space
positional gradients over M iterations to find growing candi-
dates. While averaging mitigates noise, it also smooths some
individual larger positional gradients. |
In fact, the larger view-space positional gradients also
indicate that their corresponding Gaussians need to popu- . - . )
late empty areas. However, they are ignored by the original large areas. This condition can (ifﬁmently find Gaussians
growing criterion. Therefore, we present Positional Gradi- that may lead to burring artifacts (“over-reconstruction”), as
ent driven HGS (PGHGS), which uncovers hard Gaussians shown in the .yellowlboxes of Flgures 3(c) and (d).
from multi-view significant positional gradients. To reliably In fact, it is possible to describe low-textured areas and

capture significant positional gradients, we first sort the n repetitiye textures with pot.entially over-large Gaus§ians, as
positional gradients for Gaussian G; as: shown in the blue box of Figure 3(d). Therefore, using only
5 as:

Eq. (9) to determine the over-large Gaussians may result in
{gal, e ,g;n} =sort;(gi1,  ,Gin), @) false positives. To identify the Gaussians that cause blurring

&)

where Ty is a threshold to control the extent of potentially
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Dataset Mip-NeRF360 Tanks&Temples Deep Blending
Method | Metric PSNRT SSIM1 LPIPS] | PSNRT SSIM1 LPIPS| | PSNRT SSIM?T LPIPS |
Plenoxels (Fridovich-Keil et al. 2022) 23.08 0.626 0.463 - - - 23.06 0.795 0.510
INGP (Miiller et al. 2022) 2559  0.699  0.331 - - - 23.62  0.797  0.423
Mip-NeRF360 (Barron et al. 2022) 27.69  0.792  0.237 - - - 29.40  0.901 0.245
3DGS (Kerbl et al. 2023) 27.71 0.825  0.202 2490 0.850 0.178 29.46  0.899  0.247
Pixel-GS (Zhang et al. 2024) 2787 0.835 0.176 25.18  0.860  0.157 28.88  0.892  0.251
Mip-Splatting (Yu et al. 2024) 2792  0.838 0.175 25.02 0.857 0.166 2925 0903  0.240
Scaffold-GS (Lu et al. 2024) 2798  0.825  0.208 25.74  0.861 0.170 30.23  0.907  0.245
Effi-HGS (Ours) 28.14  0.831 0.179 26.02 0.870  0.148 30.33 0908  0.238
HGS (Ours) 2830 0.837  0.166 2636  0.880  0.126 3040 0908  0.225

Table 1: Quantitative comparisons on three datasets (Barron et al. 2022; Knapitsch et al. 2017; Hedman et al. 2018).

artifacts more accurately, we leverage rendering errors to
mine hard Gaussians. For one potentially over-large Gaus-
sian G;, we project it into the current training viewpoint j to
obtain the corresponding pixel u; ;. This Gaussian will then
be considered a hard Gaussian if it satisfies:

SSIM(T;, I;)(wi ;) < Tssiv, (10)

where I; and I ; denote the ground truth and rendered im-
ages under viewpoint j, respectively. SSIM means Structural
Similarity Index Measure (Wang et al. 2004), which quan-
tifies image similarity. 7sspv is a threshold to judge render-
ing quality. SSIM is chosen for its local analysis capability,
making it effective in detecting structural changes.

With the guidance of potentially over-large Gaussians and
pixel rendering errors, our method can identify hard Gaus-
sians in truly blurring areas, as shown in Figure 3(e). Fur-
thermore, such Gaussians should be seen by at least two
views during the M iterations. This avoids unstable growth
caused by hard Gaussians determined by only a single view.

Efficient HGS

In practice, as more hard Gaussians are grown and opti-
mized, the efficiency of Gaussian splatting will be sacrificed.
To better balance rendering quality and efficiency, we intro-
duce an efficient HGS method, called Effi-HGS. Concretely,
we first count the percentage of growing Gaussians selected
by the original growing criterion (Eq. (4)) in each growth
interval, denoted as (). Then, during the PGHGS, we only
choose the top () hard Gaussians for growing and optimiza-
tion based on {g; ;|i = 1,---, N}. In this way, Effi-HGS
can adaptively control the number of hard Gaussians for ef-
ficiency while improving rendering quality.

Experiments
Experimental Setup

Datasets and Metrics. We evaluate our methods on
17 scenes from publicly available datasets, including
nine from Mip-NeRF360 (Barron et al. 2022), six from
Tanks&Temples (Knapitsch et al. 2017) and two from Deep
Blending (Hedman et al. 2018). The first two datasets con-
tain both bounded indoor and unbounded outdoor scenes.
The last one includes two bounded indoor scenes. We eval-
uate the synthesized novel views using quantitative metrics:
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Peak Signal-to-Noise Ratio (PSNR), SSIM and Learned Per-
ceptual Image Patch Similarity (LPIPS) (Zhang et al. 2018).
Baselines and Implementations. We compare our methods
with state-of-the-art (SOTA) NeRF and Gaussian splatting
methods. The NeRF methods include Plenoxels (Fridovich-
Keil et al. 2022), INGP (Miiller et al. 2022) and Mip-
NeRF360 (Barron et al. 2022), with results from (Kerbl
et al. 2023). For Gaussian splatting methods, explicit meth-
ods, including 3DGS (Kerbl et al. 2023), Mip-Splatting! (Yu
et al. 2024) and Pixel-GS (Zhang et al. 2024), and the neu-
ral method, Scaffold-GS (Lu et al. 2024), are compared.
We retrain these Gaussian splatting methods for 30K iter-
ations on the same platform. We build our methods upon the
Scaffold-GS repository (Lu et al. 2024). We maintain the
same threshold 7y, and growing interval M for Gaussian
growing as in Scaffold-GS. We set {k,)\,ﬂarge,TSSIM} =
{3,1.0,2e-4,0.7} across all scenes. All experiments are per-
formed on a single NVIDIA RTX 3090 GPU.

Performance Evaluation

Rendering Quality. The quantitative results are reported
in Table 1. Our proposed method, HGS, achieves al-
most the best rendering results in all metrics on the three
datasets, except for the second-best SSIM on Mip-NeRF360.
Notably, in terms of LPIPS, HGS outperforms SOTA
methods by 5.1%, 19.7%, and 6.3% on Mip-NeRF360,
Tanks&Temples and Deep Blending, respectively. More-
over, our efficient version, Effi-HGS, achieves comparable
rendering results with the SOTA methods on Mip-NeRF360,
and surpasses them on Tanks&Temples and Deep Blending.
The qualitative results in Figure 4 show that both our
methods significantly reduce blurring and needle-like arti-
facts. In particular, previous methods struggle to reconstruct
some occluded areas, such as those in the top row of Fig-
ure 4. In contrast, our methods successfully recover these
challenging areas. This is because our methods can mine
hard Gaussians from significant positional gradients and ren-
dering errors, and grow these Gaussians to optimize fine-
scale and less-observed areas.
Efficiency Comparisons. We further compare efficiency
with Gaussian splatting methods in terms of training time,

!The Mip-Splatting we use incorporates the densification strat-
egy from GOF. (Yu, Sattler, and Geiger 2024).



(a) Ground Truth

(b) HGS (Ours) (c) Effi-HGS (Ours)

(d) Scaffold-GS (e) Mip-Splatting () 3DGS

Figure 4: Qualitative comparisons on three datasets (Barron et al. 2022; Knapitsch et al. 2017; Hedman et al. 2018). Yellow
boxes show challenging areas. Our methods can reconstruct these areas well while other methods fail.

| PSNR 1SSIM +LPIPS || Train FPS Storage

3DGS 2490 0.850 0.178 | 15.2m 159 0.36GB
Pixel-GS 25.18 0.860 0.157 | 26.3m 88 0.80GB
Mip-Splatting 25.02 0.857 0.166 | 20.0m 126 0.45GB
Scaffold-GS 2574 0.861 0.170 | 20.4m 1250.18GB
Effi-HGS (Ours)| 26.02 0.870 0.148 | 28.6m 87 0.30GB
HGS (Ours) 26.36 0.880 0.126 | 66.2m 42 0.73GB

Table 2: Efficiency comparisons on Tanks&Temples.

rendering speed and storage size in Table 2. For explicit
Gaussian methods, improved rendering quality requires
growing more Gaussians (resulting in larger storage size),
which increases training time and reduces rendering speed.
The neural Gaussian method, Scaffold-GS, can enhance
both rendering quality and efficiency compared to Mip-
Splatting and Pixel-GS. Similarly, since our methods will
grow many hard Gaussians to improve rendering quality,
this will also increase training time and reduce rendering
speed. Overall, the efficiency of our methods is acceptable
considering the superior rendering quality. Moreover, our ef-
ficient version achieves competitive efficiency while deliver-
ing much better rendering quality than previous methods.

Generalization Performance

To verify the generalization of our approach, several SOTA
Gaussian splatting methods are integrated with our pro-
posed HGS to evaluate NVS on Tanks&Temples. These in-
clude 3DGS, Pixel-GS, Mip-Splatting, and HAC (Chen et al.
2025), where the first three methods are explicit Gaussian
methods. HAC is a compact neural method that learns struc-
tured compact hash grids for anchor attributes modeling.
Considering training efficiency, we test the generalizability
of our efficient HGS. The results are reported in Table 3.
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Method | PSNRT SSIM T LPIPS |
3DGS (Kerbl et al. 2023) 2490 0850 0.178
Pixel-GS* (Zhang etal. 2024) | 2526 0861  0.158
Mip-Splatting* (Yu et al. 2024) 25.17 0.861  0.163
HAC (Chen et al. 2025) 2577 0859  0.173
2504 0856  0.163

3DGS + HGS 0.141 00061 0.015]
. 2528 0864  0.147

i Ed

Pixel-GS* + HGS 0021 00031 0011
. . 2526 0862  0.155

Mip-Splatting® + HGS 0.091 0.0011 0.008
2596 0869 0.150

HAC + HGS 0.191 00101 0.023 ]

Table 3: Generalization performance of HGS on

Tanks&Temples dataset. Pixel-GS* and Mip-Splatting*
mean they are combined with opacity correction.

Our proposed HGS improves all rendering metrics for
both explicit and neural Gaussian methods, with notable
gains in LPIPS. Note that, Pixel-GS and Mip-Splatting
have grown more Gaussians than 3DGS with their modi-
fied gradients. To enhance their rendering with our HGS,
we find it necessary to combine them with the opacity cor-
rection (Bulo, Porzi, and Kontschieder 2024) first to remove
cloning bias, which more clearly hinders Gaussian optimiza-
tion when numerous Gaussians are cloned simultaneously.
With this correction, our HGS further improves rendering.
Notably, the LPIPS improvements for Pixel-GS* and Mip-
Splating™ are noticeable, 7.0% and 4.9 %, respectively. The
results suggest that our HGS is general for both explicit and
neural Gaussian methods.



(a) Ground Truth (b) Baseline

(c) Model-A

(d) Model-B (e) HGS

Figure 5: Qualitative results of ablation study.

| OG PGHGS REHGS | PSNR 1 SSIM  LPIPS |

Baseline | v/ | 2574 0861 0.170
Model-A | vV Ve 26.32  0.879 0.129
Model-B v v 25.99 0.867 0.155
HGS v Ve v 26.36 0.880 0.126

Table 4: Ablation study on Tanks&Temples dataset. OG:
Original Growing criterion.

Analysis

In this section, we conduct ablation studies and analysis ex-
periments on both Tanks&Temples and Deep Blending to
evaluate the effectiveness of our proposed designs.
Ablation Study. We adopt Scaffold-GS as our baseline, pro-
gressively adding our different designs to investigate their
efficacy. Results are reported in Table 4 (see supplementary
for ablation study on Deep Blending). By adding PGHGS to
the baseline, the rendering quality of Model-A improves sig-
nificantly across all metrics (PSNR: 0.58 1, SSIM: 0.018 1,
LPIPS: 0.041 ). As for REHGS, it clearly boosts the base-
line and further enhances Model-A. This shows that both of
our designs can mine hard Gaussians to improve rendering
quality. Compared to PGHGS, REHGS tends to detect more
noticeable rendering errors but misses some inconspicuous
artifacts, which are better probed by PGHGS. Thus, the im-
provement brought by PGHGS is more obvious.

Figure 5 illustrates how the proposed designs improve
the rendering quality. Both Model-A and Model-B can re-
construct details better than the Baseline, such as the dis-
tant house and the front grass in the blue and yellow boxes
of Figure 5. Moreover, our full model further reduces blur-
ring artifacts in Model-A, such as the orange boxes in Fig-
ures 5(c) and (e). These results show that our method effec-
tively improves rendering performance.

Effect of k. k represents the number of significant positional
gradients in the growth interval in Eq. (8). We vary this value
to study its effect and report the results in Table 5. We ob-
serve that: 1) Reducing £ further improves LPIPS but de-
grades PSNR. This is because a lower k relaxes the criterion
for significant positional gradients, leading to more growing
Gaussians. This may introduce noise to impair PSNR. On
the other hand, more Gaussians are helpful to alleviate blur-
ring artifacts, and LPIPS is evaluated through deep image

. Tanks&Temples Deep Blending
Module Settinglpg\p +SSIM +LPIPS ¢L’SNR +SSIM +LPIPS |
k=1 | - ; - 3031 0906 0.211
PGHGS| F=2 | 2634 0880 0123 | 3039 0.908 0219
k=3 | 2636 0.880 0.126 | 30.40 0.908 0.225
k=4 | 2626 0.878 0.131 | 30.19 0.908 0.230
REHGS| POC [ 2626 0879 0.121 [30.17 089 0.194
HG |26.36 0.880 0.126 | 30.40 0.908 0.225

Table 5: More module analysis on both Tanks&Temples and
Deep Blending datasets. POG: Potentially Over-large Gaus-
sians. HG: Hard Gaussians. - indicates no results due to out
of memory error.

features which have anti-noise ability. Therefore, reducing k
can improve LPIPS. 2) Increasing k degrades almost all ren-
dering metrics, suggesting that PGHGS cannot mine hard
Gaussians sufficiently when £ is too large.

Potentially Over-large Gaussians or Hard Gaussians. In
REHGS, we identify hard Gaussians from potentially over-
large Gaussians. Here, we compare the impact of these po-
tentially over-large Gaussians (Eq. (9)) and hard Gaussians
(Eq. (10)) on rendering performance, as shown in Table 4.
Potentially over-large Gaussians improve LPIPS slightly but
degrade PSNR a lot. As demonstrated in REHGS, poten-
tially over-large Gaussians tend to overgrow already learned
areas, making them susceptible to redundant Gaussians and,
consequently, resulting in the PSNR degradation.

Conclusion

In this work, we present HGS, a hard Gaussians growing
framework for Gaussian Splatting, which leverages multi-
view significant positional gradients and rendering errors to
uncover hard Gaussians. By growing and optimizing these
hard Gaussians, our methods effectively mitigate blurring
and needle-like artifacts in challenging areas. Our extensive
experimental results demonstrate that our proposed HGS
achieves superior rendering quality while maintaining real-
time rendering speed. Moreover, we verify that our HGS can
boost both explicit and neural Gaussian methods, demon-
strating its potential for generalization to other Gaussian
splatting related tasks.
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