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Abstract

The recent introduction of 3D Gaussian Splatting (3DGS)
has significantly advanced novel view synthesis. Several stud-
ies have further improved the rendering quality of 3DGS,
yet they still exhibit noticeable visual discrepancies when
synthesizing views at sampling rates unseen during train-
ing. Specifically, they suffer from (i) erosion-induced blur-
ring artifacts when zooming in and (ii) dilation-induced stair-
case artifacts when zooming out. We speculate that these
artifacts arise from the fundamental limitation of the alpha
blending adopted in 3DGS methods. Instead of the conven-
tional alpha blending that computes alpha and transmittance
as scalar quantities over a pixel, we propose to replace it
with our novel Gaussian Blending that treats alpha and trans-
mittance as spatially varying distributions. Thus, transmit-
tances can be updated considering the spatial distribution of
alpha values across the pixel area, allowing nearby back-
ground splats to contribute to the final rendering. Our Gaus-
sian Blending maintains real-time rendering speed and re-
quires no additional memory cost, while being easily inte-
grated as a drop-in replacement into existing 3DGS-based or
other NVS frameworks. Extensive experiments demonstrate
that Gaussian Blending effectively captures fine details at var-
ious sampling rates unseen during training, consistently out-
performing existing novel view synthesis models across both
unseen and seen sampling rates.

Project Page —
https://1207koo.github.io/html/gaussianblending/

1 Introduction
Novel view synthesis (NVS) has advanced rapidly, playing
a pivotal role across diverse content generation tasks. A key
milestone was Neural Radiance Field (NeRF) (Mildenhall
et al. 2021), an implicit neural representation employing a
neural network to estimate volumetric density and view-
dependent radiance of 3D points. However, NeRF suffers
from slow rendering speeds due to intensive ray marching.
Recently, 3D Gaussian Splatting (3DGS) (Kerbl et al. 2023)
explicitly represents 3D scenes using Gaussian splats, en-
abling faster and finer view synthesis results.

In the 3DGS framework, Gaussian splats are projected
onto the 2D image plane, followed by the alpha blending
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Figure 1: Scalar alpha blending used in previous novel view
synthesis methods (e.g., 3DGS and Analytic Splatting) ex-
hibits aliasing artifacts when rendering at different sampling
rates. Specifically, erosion with noisy edges occurs during
zoom-in (top), while dilation with staircase artifacts occurs
during zoom-out (bottom). In contrast, our Gaussian Blend-
ing produces consistent synthesis results at unseen sampling
rates (e.g., leaves and bicycle frame) without any priors and
additional training.

to render the final pixel color. However, 3DGS and its vari-
ants still suffer from noticeable artifacts when synthesizing
views at unseen sampling rates (e.g., zoom-in or zoom-out).
This persistent challenge arises since existing methods treat
pixels as points rather than planes, which leads to aliasing
effects such as boundary erosion and dilation (see Figure 1).
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In real-world camera systems, a sensor integrates radi-
ances within a pixel area, whereas existing NVS methods
use single ray for rendering a pixel color. According to the
Nyquist–Shannon sampling theorem (Shannon 1949), sup-
pressing high-frequency components at lower sampling rates
can alleviate this issue, as supported by several prefiltering
methods (Barron et al. 2021, 2022; Yu et al. 2024b). More
recently, Analytic-Splatting (Liang et al. 2024b) explicitly
integrates Gaussian splat responses over pixel regions, bet-
ter emulating physical camera sensors.

Despite recent advances, existing NVS approaches still
exhibit noticeable aliasing, especially at object boundaries.
As illustrated in Figure 1, rendering at higher sampling rates
(zoom-in) produces boundary erosion with blurry edges,
while lower sampling rates (zoom-out) produces boundary
dilation as staircase artifacts. Even Analytic-Splatting suf-
fers from these issues due to reliance on scalar alpha blend-
ing. All NVS methods, including various anti-aliasing meth-
ods, use scalar alpha values computed along single rays.
This inherently leads foreground splats (or density points in
NeRF-based methods) to fully occlude background splats,
disregarding their spatial overlap in the 2D screen space.
Consequently, the spatial contribution of background splats
is inaccurately computed, causing persistent aliasing. To
mitigate this issue, existing NVS methods typically require
retraining models at specific sampling rates, which is ineffi-
cient and impractical when training data are unavailable.

To address this limitation, we introduce Gaussian Blend-
ing as a novel rendering methodology. Rather than model-
ing alpha and transmittance as single scalar values, our ap-
proach models them as spatially varying functions across the
2D pixel area. Our key insight is that Gaussian splats, being
smooth and continuous, naturally cluster to represent dis-
tinct scene structures. Leveraging this spatial coherence, we
approximate their combined transmittance using simplified
2D uniform distributions within each pixel region. This ap-
proximation enables efficient, dynamic updating of spatial
transmittance distributions during the alpha blending pro-
cess via distributional moments.

In experiments on the multi-scale Blender (Mildenhall
et al. 2021; Barron et al. 2021) and Mip-NeRF 360 datasets
(Barron et al. 2022), Gaussian Blending significantly re-
duces intra-pixel aliasing, mitigating erosion and dilation
at previously unseen sampling rates. Moreover, Gaussian
Blending achieves real-time rendering speeds comparable to
the original 3DGS method via optimized CUDA implemen-
tation, improving visual fidelity without extra memory over-
head. In addition, it can be seamlessly integrated as a drop-
in replacement for the rendering kernels of existing NVS
frameworks.

Finally, our key contributions are as follows.

• We revisit existing scalar alpha blending methods and
identify that aliasing arises from inadequate handling of
the spatial variations within pixel regions.

• To the best of our knowledge, our work is the first to
integrate intra-pixel anti-aliasing into the alpha blending
process explicitly. Our proposed Gaussian Blending effi-
ciently models and dynamically tracks spatial variations

within pixels to effectively suppress aliasing.
• Extensive experiments demonstrate that Gaussian Blend-

ing significantly reduces aliasing, yielding higher-quality
synthesized views at both unseen and seen sampling rates
during training, without additional priors or retraining,
all while preserving real-time performance. Our Gaus-
sian Blending can be easily integrated as a drop-in re-
placement into existing NVS frameworks.

2 Related Work
2.1 Novel View Synthesis (NVS)
NVS aims to reconstruct the geometry and appearance of
3D scenes from multi-view images, enabling rendering from
unseen viewpoints (Pumarola et al. 2021; Park et al. 2021;
Yang et al. 2024; Jeong et al. 2024; Liang et al. 2024a;
Moenne-Loccoz et al. 2024). While Neural Radiance Fields
(NeRF) (Mildenhall et al. 2021) have laid the groundwork,
they suffer from slow rendering speeds due to intensive ray
marching. To overcome these limitations, subsequent meth-
ods adopt explicit grid-based scene representations (Sun,
Sun, and Chen 2022; Chen et al. 2022), significantly en-
hancing rendering efficiency through strategies like free-
space skipping. Hybrid methods further combine NeRF with
Signed Distance Functions (SDF) (Wang et al. 2021; Wu
et al. 2023), extending implicit representations to support
accurate surface reconstruction.

3D Gaussian Splatting (3DGS) (Kerbl et al. 2023) repre-
sents scenes as collections of Gaussian splats, enabling real-
time, high-quality rendering. Unlike implicit neural meth-
ods involving computationally heavy ray marching, 3DGS
rasterizes Gaussian splats directly into screen space, allow-
ing efficient rendering via GPU-optimized rasterization with
explicit alpha blending. Building upon this framework, sev-
eral variants have been proposed to further enhance render-
ing quality and efficiency. 2D Gaussian Splatting (2DGS)
(Huang et al. 2024) and 3D Half-Gaussian Splatting (3D-
HGS) (Li et al. 2025) respectively introduce 2D Gaussian
splats and half-Gaussian kernels, to better capture geomet-
ric details. Scaffold-GS and Octree-GS (Lu et al. 2024;
Ren et al. 2024) employ anchor-based or Level-of-Detail-
structured 3D Gaussians to reduce redundancy and enhance
efficiency in large-scale view-varying scenarios. These ad-
vances have broadened the applicability of NVS, including
dynamic scene reconstruction (Pumarola et al. 2021; Park
et al. 2021; Yang et al. 2024), generative modeling (Poole
et al. 2023; Haque et al. 2023; Lin et al. 2025), and in-
verse rendering tasks (Jeong et al. 2024; Liang et al. 2024a;
Moenne-Loccoz et al. 2024), inspiring numerous down-
stream developments.

2.2 NVS at Different Sampling Rates
Despite rapid progress in NVS, most existing methods as-
sume fixed resolutions, camera distances, and camera intrin-
sics. However, real-world applications often involve varying
sampling rates, causing noticeable aliasing artifacts due to
single ray rendering that neglects the visible frustum.

Several methods have addressed this issue through
prefiltering-based anti-aliasing approaches following the
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Figure 2: Comparison of blending behaviors when rendering overlapping splats. (a) In a real camera system, spatial occlusion is
properly handled—the yellow splat is attenuated by closer splats, while the blue splat, which does not overlap in screen space,
retains high transmittance and remains visible. (b) Scalar alpha blending ignores spatial occlusion by averaging alpha values
across the pixel, causing dilation of the overlapping yellow splat and undesired suppression of the non-overlapping blue splat.
(c) Our Gaussian Blending dynamically adjusts the transmittance window within each pixel, preserving high transmittance in
regions without splats and effectively maintaining the visibility of the blue splat while reducing the influence of the occluded
yellow splat.

Nyquist–Shannon Sampling Theorem (Shannon 1949). For
example, Mip-NeRF (Barron et al. 2021) reduces aliasing by
integrating positional encoding over spatial regions, effec-
tively applying implicit low-pass filtering. Mip-NeRF 360
(Barron et al. 2022) further extends this approach to han-
dle unbounded scenes, addressing aliasing more effectively
in realistic scenarios. With the emergence of 3DGS, Mip-
Splatting (Yu et al. 2024b) combines 2D and 3D filter-
ing strategies, mitigating dilation artifacts caused by vary-
ing sampling rates. Going beyond these filtering-based ap-
proaches, Analytic-Splatting (Liang et al. 2024b) analyti-
cally computes Gaussian splat responses over pixel areas,
explicitly integrating splat contributions to achieve effective
and accurate anti-aliasing.

Mipmap-based approach is another popular strategy to
handle anti-aliasing. They often train separate scene repre-
sentations for each sampling rate. Instant-NGP (Müller et al.
2022) pioneers resolution-adaptive rendering through multi-
resolution hash-grid features. Tri-MipRF (Hu et al. 2023)
introduces learnable mipmap representations, dynamically
retrieving resolution-specific features during rendering. Re-
cent adaptations (Li et al. 2024; Yan et al. 2024) group
Gaussian splats based on sampling rates. However, these
mipmap-based approaches can only handle specific resolu-
tions seen during training, limiting their generalization.

Additionally, several studies focus on enhancing high-
frequency details or resolving artifacts when rendering at
higher sampling rates beyond training conditions. While
straightforward techniques such as supersampling show lim-
ited effectiveness (Wang et al. 2022), recent approaches
leverage generative diffusion models (Yu et al. 2024a; Xia
and Liu 2025) or single-image super-resolution (SISR)
frameworks (Feng et al. 2024) to generate pseudo-ground-

truth details of test-time resolutions. Unlike these methods
that improve image quality by generating high-frequency
details, our approach directly addresses aliasing artifacts
caused by scalar alpha blending.

3 Approach
3.1 Preliminaries
3D Gaussian Splatting (3DGS) (Kerbl et al. 2023) explicitly
represents a 3D scene using a set of Gaussian splats. Given
a total of N splats, the i-th closest splat to the camera is
parameterized by its center position µi ∈ R3, scale vector
si ∈ R3, rotation quaternion ri ∈ R4, and opacity value
oi ∈ R. The scale vector si forms a diagonal scale matrix
Si ∈ R3×3, and the quaternion ri defines a rotation matrix
Ri ∈ R3×3. Consequently, the 3D covariance matrix of the
Gaussian splat is computed as

Σi = RiSiS
⊤
i R⊤

i . (1)

The influence of the i-th Gaussian splat at a 3D position x is
defined as

Gi(x) = oi exp

(
−1

2
(x− µi)

⊤Σ−1
i (x− µi)

)
. (2)

Each 3D Gaussian splat is projected onto the 2D screen
space, resulting in the corresponding 2D Gaussian splat.
Given a camera extrinsic matrix W and an intrinsic pro-
jection matrix K, the projected mean vector and covariance
matrix are

µ′
i = KW [µi, 1]

⊤, Σ′
i = JiWΣiW

⊤J⊤
i , (3)

where Ji is the Jacobian of the local affine approximation of
the perspective projection at µi. By removing its third row
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and column, Σ′
i becomes a 2D covariance matrix in R2×2.

Thus, the screen space influence of the projected Gaussian
splat at a 2D position x is

G′
i(x) = oi exp

(
−1

2
(x− µ′

i)
⊤Σ′−1

i (x− µ′
i)

)
. (4)

Given a pixel center p, each splat’s alpha value is com-
puted as the Gaussian influence evaluated at the pixel center
G′

i(p). Rendering is performed by blending these splats in
the front-to-back depth order using alpha blending. As ci
is the view-dependent color of the i-th splat, the final pixel
color Cp is computed as

Cp =
N∑
i=1

ciG
′
i(p)Ti, Ti =

i−1∏
j=1

(1−G′
j(p)), (5)

where the contribution of each splat can be interpreted as the
weight wi = G′

i(p)Ti.
Analytic-Splatting (Liang et al. 2024b) extends the 3DGS

approach by incorporating anti-aliasing through analytic in-
tegration of each Gaussian splat’s influence over the entire
pixel area, rather than evaluating it only at the pixel cen-
ter. This integral of 2D Gaussian cannot be simplified with
a closed form; thus, Analytic-Splatting employs an efficient
approximation, which performs an eigen-decomposition on
each 2D Gaussian splat to identify principal axes. Then, the
pixel coordinate frame is rotated to align with these axes,
eliminating the correlation term in the Gaussian function.
Consequently, the integral can be factorized into two sepa-
rable 1D Gaussian integrals along these axes, each computed
analytically. Further details can be found in the original pa-
pers (Kerbl et al. 2023; Liang et al. 2024b).

3.2 Scalar Alpha Blending
Although Analytic-Splatting theoretically eliminates alias-
ing artifacts, as illustrated in Figure 1, it still exhibits per-
sistent aliasing issues like erosion and dilation. We identify
that these problems fundamentally originate from scalar al-
pha blending, and subsequently describe how our proposed
approach overcomes this limitation.

Alpha blending is a fundamental rendering technique used
by most NVS methods, including anti-aliasing approaches.
However, conventional alpha blending represents alpha and
transmittance as scalar values, ignoring critical spatial vari-
ations within pixels.

Physically, rendering should involve integrating spatially
varying alpha and color distributions over each pixel region.
The physically correct pixel color Cp

p is computed by inte-
grating the contributions of all splats and resulting transmit-
tance T p

i within the pixel area p:

Cp
p =

∫
p

N∑
i=1

T p
i (x)αi(x)cidx,

T p
i (x) =

i−1∏
j=1

(1− αj(x)) . (6)

Existing methods approximate this integration by computing
scalar alpha integrals independently for each splat:

Cs
p =

N∑
i=1

T s
i ci

∫
p

αi(x)dx,

T s
i =

i−1∏
j=1

(
1−

∫
p

αj(x)dx

)
, (7)

where Cs
p is the approximated pixel color, and T s

i is the
scalar transmittance after rendering the i-th splat.

Figure 2 illustrates that such scalar approximations in-
evitably lead to aliasing artifacts. In a real camera system,
overlapping splats that lie behind other splats should attenu-
ate their alpha values due to spatial occlusion. However, the
scalar approximation in alpha and transmittance ignores the
spatial context such as occlusions, computing alpha values
regardless of the spatial occlusion. This results in the object
edges, which partially overlap within the pixel area, being
rendered with higher alpha values than they should be, even
though object splats are highly occluding each other. This
rapidly saturates transmittance, leading to pixel-level dila-
tion artifacts, where foreground objects appear artificially
enlarged, and background objects (e.g., the blue splat in
Figure 2) become overly occluded, as shown in Figure 1.
At lower sampling rates (zoom-out), saturated transmittance
causes dilation artifacts, despite the broader visible frustum
per pixel. Conversely, at higher sampling rates (zoom-in),
scalar alpha blending induces erosion artifacts with blurry
boundaries due to dilation bias learned during training.

This limitation persists across all existing NVS ap-
proaches, including standard rendering, and prefiltering or
mipmap-based anti-aliasing, since all rely on scalar alpha
blending. Only supersampling approaches, which explicitly
compute spatial variations in alpha and transmittance, accu-
rately capture these effects. However, supersampling is com-
putationally expensive, requiring multiple rendering passes,
and is thus challenging to employ in real-time applications.

3.3 Efficient Spatial Alpha Blending
A straightforward and physically accurate approach to spa-
tial variations in transmittance is to integrate the transmit-
tance Ti and the corresponding weight wi across each pixel’s
2D screen space coverage. However, computing these inte-
grals requires exponential computational complexity, as the
transmittance Ti =

∏i−1
j=1(1−αj) and the weight wi = αiTi

consist of 2i−1 − 1 and 2i−1 terms, respectively.
Our key insight to mitigate this computational challenge

is that Gaussian splats collectively represent continuous ob-
ject surfaces, typically forming uniform alpha distributions
across 2D screen space, such as α = 1 for opaque surfaces.
Thus, despite the transmittance involving an exponentially
large number of Gaussian terms, these terms spatially cluster
into compact regions, effectively approximated by a uniform
distribution within each pixel area. Leveraging this observa-
tion, we approximate the transmittance distribution using a
simpler, spatially uniform 2D representation.

By adaptively controlling the spatial extent of this uni-
form distribution, we dynamically modulate the effective
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Figure 3: Comparison of the remaining transmittance error ∆T after rendering two splats symmetrically placed at µ1 =
[µx,−0.1]⊤ and µ2 = [µx, 0.1]

⊤, with o1 = o2 = 1 and σ1 = σ2 = σ. (Left) Varying µx while fixing σ = 1. (Right)
Varying σ while fixing µx = 0.5. A negative ∆T indicates dilation, where a lower transmittance remains after rendering.

transmittance, reducing the influence of splats located in
regions already occluded by previously rendered surfaces,
where transmittance values are low. This approach enables
real-time rendering without compromising visual accuracy.

Moreover, representing transmittance as a 2D uniform
distribution offers two physical advantages. First, it inher-
ently satisfies 0 ≤ wi ≤ Ti throughout the pixel, ensuring
physically consistent blending. Second, the initial pixel state
naturally conforms to a uniform distribution, simplifying the
computation of subsequent rendering windows.

Formally, we represent transmittance Ti by a window cen-
tered at xi ∈ R2 with size li = [li,1, li,2]

⊤ ∈ R2 and uni-
form transmittance value ti ∈ R. Initially, before any splats
are rendered, T1 is defined as x1 = p, l1 = [1, 1]⊤, and
t1 = 1. Assuming splats composing an object form uni-
form distributions in the pixel region, dynamically adjust-
ing the window (xi, li) enables accurate representation of
lower-transmittance subregions.

When rendering splat αi onto distribution Ti, we compute
two quantities: (i) the integrated splat response within the
current window region,

∫
wi(x)dx, and (ii) the optimal dis-

tribution Ti+1 approximating the remaining transmittance
Ti(x)(1− αi(x)).

Weight Computation. To compute a splat’s response∫
wi(x)dx, we first perform eigen-decomposition on the 2D

covariance matrix Σ′
i, yielding eigenvalues λ1, λ2 and unit

eigenvectors e1, e2, defining principal axes. The standard de-
viations along these axes are σ1 =

√
λ1 and σ2 =

√
λ2.

Next, we rotate the current window Ti slightly (within 45◦)
to align it with the Gaussian axes defined by e1, e2 to ef-
ficiently approximate the integral. Without loss of general-
ity, let us assume λ1, e1 align with the first axis, and λ2, e2
with the second axis. In the coordinate system defined by
the splat αi, centered at µ′

i, the window center is located at
[u, v]⊤ = [(xi − µ′

i) · e1, (xi − µ′
i) · e2]⊤, and the window

region spans [u1, u2]× [v1, v2] with boundaries:[
u1

v1

]
=

[
u
v

]
− 1

2
li,

[
u2

v2

]
=

[
u
v

]
+

1

2
li. (8)

To simplify the integrals, we introduce the notation for
the k-th order moments of the 1D Gaussian as Ikσ(a, b) =∫ b

a
xk exp(−x2/2σ2)dx. Then, we express the integrated

weight as∫
wi(x)dx = tioiI

0
σ1
(u1, u2)I

0
σ2
(v1, v2). (9)

Transmittance Computation. Next, we compute the op-
timal distribution Ti+1 to approximate the remaining trans-
mittance, Ti(x)(1−αi(x)), after blending the current splat.
Specifically, we calculate the zeroth-, first-, and second-
order moments (M0

i ,M
1
i ,M

2
i ) of the resulting distribution

within the current window to preserve the total transmittance
mass, mean, and variance after each blending step. They are
computed in the rotated coordinate system aligned with the
splat’s principal axes by

M0
i = tili,1li,2 −

∫
wi(x)dx,

M1
i = tili,1li,2

[
u
v

]
− tioi

[
I1σ1

(u1, u2) · I0σ2
(v1, v2)

I0σ1
(u1, u2) · I1σ2

(v1, v2)

]
,

M2
i = tili,1li,2

([
u2

v2

]
+

1

12
l2i

)
− tioi

[
I2σ1

(u1, u2) · I0σ2
(v1, v2)

I0σ1
(u1, u2) · I2σ2

(v1, v2)

]
. (10)

Using these moments, we obtain the parameters of the
new 2D uniform transmittance distribution Ti+1 as

xi+1 = µ′
i + [e1, e2]M

1
i /M

0
i ,

li+1 =

√
12

(
M2

i /M
0
i − (M1

i /M
0
i )

2
)
,

ti+1 = M0
i /li+1,1li+1,2. (11)

Through this process, starting from an initially fully vis-
ible pixel area, we iteratively integrate the response of each
splat and dynamically update the rendering window as in
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PSNR ↑ SSIM ↑ LPIPS ↓
×1 ×1/2 ×1/4 ×1/8 Avg. ×1 ×1/2 ×1/4 ×1/8 Avg. ×1 ×1/2 ×1/4 ×1/8 Avg.

TensoRF 33.22 33.27 30.23 26.77 30.87 0.964 0.972 0.968 0.953 0.964 0.047 0.034 0.049 0.079 0.052
3DGS 33.57 27.04 21.43 17.74 24.95 0.970 0.950 0.876 0.767 0.891 0.037 0.036 0.071 0.130 0.068
Scaffold-GS 31.76 27.46 22.14 18.34 24.92 0.961 0.949 0.886 0.784 0.895 0.050 0.041 0.067 0.121 0.070
2DGS 31.81 26.73 20.21 16.41 23.79 0.965 0.946 0.846 0.711 0.867 0.048 0.052 0.102 0.177 0.095
3D-HGS 33.70 27.34 21.71 17.99 25.19 0.970 0.953 0.883 0.777 0.896 0.037 0.035 0.067 0.124 0.066

Tri-MipRF 32.86 32.80 28.44 24.22 29.58 0.959 0.968 0.955 0.924 0.951 0.056 0.039 0.051 0.075 0.055
3DGS+EWA 33.60 32.05 28.28 25.11 29.76 0.970 0.972 0.963 0.946 0.962 0.039 0.027 0.033 0.045 0.036
3DGS+SS 33.86 31.47 26.53 22.41 28.57 0.971 0.972 0.952 0.906 0.950 0.036 0.024 0.035 0.064 0.040
Mip-Splatting 33.54 34.09 31.50 27.80 31.73 0.969 0.976 0.977 0.968 0.973 0.038 0.022 0.022 0.032 0.028
Analytic-Splatting 33.78 34.20 31.16 27.22 31.59 0.970 0.977 0.977 0.965 0.972 0.036 0.022 0.025 0.037 0.030

Scaffold-GS+GB 30.22 32.02 33.84 33.80 32.47 0.949 0.964 0.976 0.983 0.968 0.070 0.041 0.025 0.019 0.039
2DGS+GB 31.96 33.53 34.93 34.74 33.79 0.960 0.970 0.979 0.985 0.974 0.055 0.033 0.022 0.015 0.031
Mip-Splatting+GBtest 33.45 35.37 36.98 36.36 35.54 0.969 0.978 0.984 0.988 0.980 0.038 0.021 0.014 0.012 0.021
Analytic-Splatting+GBtest 33.62 35.72 37.36 36.51 35.80 0.970 0.979 0.985 0.989 0.981 0.037 0.020 0.013 0.011 0.020
Gaussian Blending 33.92 35.80 36.82 35.79 35.58 0.970 0.979 0.985 0.988 0.981 0.036 0.020 0.013 0.012 0.020

Table 1: Single-scale training (×1 resolution) and multi-scale testing results on the multi-scale Blender dataset. The best results
are highlighted in bold.

Ground Truth Tri-MipRF 3DGS Mip-Splatting Analytic-Splatting Gaussian Blending
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Figure 4: Qualitative results of zoom-out setting (Single-scale training (×1 resolution) and multi-scale testing). The training
resolution is highlighted in bold. Our Gaussian Blending effectively suppresses pixel-level dilation in zoom-out scenarios (e.g.,
the disk edge in the top scene at ×1/8 resolution).

Figure 2(c). This dynamic update allows us to handle spatial
occlusions by adaptively shrinking the rendering window
in regions of lower transmittance, reducing the influence of
overlapping splats. Consequently, each splat is blended ac-
cording to its spatial distribution, effectively and efficiently
reducing intra-pixel aliasing within a single rendering pass.

Finally, we compute the final pixel color as

Cp =
N∑
i=1

ci

∫
wi(x)dx. (12)

4 Experiments
4.1 Experiment Setup

Datasets. We evaluate novel view synthesis performance on
two standard datasets: multi-scale Blender (Mildenhall et al.
2021; Barron et al. 2021) and multi-scale Mip-NeRF 360
dataset (Barron et al. 2022). The Blender dataset comprises
eight synthetic scenes, each containing 100 training and 200
test images, with a resolution of 800× 800 pixels. The Mip-
NeRF 360 dataset includes nine real-world scenes (five out-
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PSNR ↑ SSIM ↑ LPIPS ↓
×1 ×1/2 ×1/4 ×1/8 Avg. ×1 ×1/2 ×1/4 ×1/8 Avg. ×1 ×1/2 ×1/4 ×1/8 Avg.

TensoRF 25.42 26.57 29.02 32.87 28.47 0.874 0.902 0.946 0.977 0.925 0.159 0.132 0.078 0.028 0.099
3DGS 18.51 19.90 23.33 34.72 24.11 0.824 0.832 0.905 0.984 0.886 0.163 0.136 0.072 0.016 0.097
Scaffold-GS 16.37 17.71 21.35 34.06 22.37 0.802 0.797 0.867 0.980 0.862 0.187 0.172 0.106 0.020 0.121
2DGS 22.87 23.59 25.46 31.85 25.94 0.864 0.879 0.920 0.973 0.909 0.159 0.139 0.087 0.031 0.104
3D-HGS 18.87 20.16 23.39 35.08 24.38 0.826 0.834 0.904 0.984 0.887 0.169 0.142 0.073 0.015 0.100

Tri-MipRF 21.99 22.91 25.84 33.93 26.17 0.809 0.821 0.888 0.979 0.874 0.240 0.232 0.170 0.023 0.166
3DGS+EWA 21.76 23.15 26.64 34.32 26.47 0.834 0.871 0.938 0.983 0.907 0.231 0.184 0.095 0.019 0.132
3DGS+SS 20.98 22.47 26.33 36.96 26.68 0.851 0.877 0.942 0.987 0.914 0.136 0.100 0.048 0.012 0.074
Mip-Splatting 25.97 27.24 30.06 35.29 29.64 0.892 0.920 0.959 0.985 0.939 0.150 0.117 0.056 0.015 0.084
Analytic-Splatting 25.45 26.98 30.04 35.63 29.53 0.878 0.914 0.956 0.984 0.933 0.138 0.102 0.051 0.015 0.077

Scaffold-GS+GB 26.57 28.02 31.11 35.92 30.41 0.886 0.918 0.958 0.985 0.937 0.149 0.116 0.061 0.016 0.085
2DGS+GB 25.49 26.94 29.47 33.05 28.74 0.880 0.908 0.947 0.976 0.928 0.151 0.120 0.067 0.025 0.091
Mip-Splatting+GBtest 25.95 27.17 29.67 33.69 29.12 0.891 0.919 0.958 0.984 0.938 0.151 0.120 0.059 0.016 0.087
Analytic-Splatting+GBtest 25.37 26.87 29.51 33.34 28.78 0.876 0.912 0.954 0.982 0.931 0.139 0.104 0.053 0.017 0.078

Gaussian Blending 26.74 28.53 31.97 36.92 31.04 0.891 0.927 0.965 0.987 0.943 0.132 0.092 0.042 0.012 0.069

Table 2: Single-scale training (×1/8 resolution) and multi-scale testing results on the multi-scale Blender dataset. The best
results are highlighted in bold.

Ground Truth Tri-MipRF 3DGS Mip-Splatting Analytic-Splatting Gaussian Blending
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Figure 5: Qualitative results of zoom-in setting (Single-scale training (×1/8 resolution) and multi-scale testing). The training
resolution is highlighted in bold. Our Gaussian Blending effectively prevents erosion in zoom-in scenarios (e.g., the leaves in
the top scene at ×1 resolution).

door and four indoor scenes). Following standard practice,
we use every eighth image for testing, and the other images
for training. For both datasets, to assess rendering quality at
varying sampling rates, we also include downsampled ver-
sions of each image by factors of 2, 4, and 8.

Performance Measures. We report results using three
standard metrics: Peak Signal-to-Noise Ratio (PSNR),
Structural Similarity Index Measure (SSIM), and Learned
Perceptual Image Patch Similarity (LPIPS).

Implementation. Our Gaussian Blending algorithm is

implemented in CUDA. Through careful optimization, it
achieves identical time complexity and comparable runtime
performance to 3DGS models without additional memory
overhead. Following prior works, we train all models for 30k
iterations using identical hyperparameters across all scenes.

Baselines. We compare the performance against state-of-
the-art real-time NVS and anti-aliased NVS methods, in-
cluding (i) five standard NVS approaches: TensoRF (Chen
et al. 2022), 3DGS (Kerbl et al. 2023), Scaffold-GS (Lu
et al. 2024), 2DGS (Huang et al. 2024), and 3D-HGS (Li
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(a) Single-scale Training (×1 res) (b) Single-scale Training (×1/8 res) (c) Multi-scale Training
×1 ×1/2 ×1/4 ×1/8 Avg. ×1 ×1/2 ×1/4 ×1/8 Avg. ×1 ×1/2 ×1/4 ×1/8 Avg.

3DGS 27.63 25.76 21.98 19.34 23.68 17.25 18.73 22.41 30.60 22.25 26.85 27.89 28.28 27.17 27.55
Scaffold-GS 27.27 26.05 22.48 19.70 23.87 17.09 18.43 21.98 31.06 22.14 26.61 27.75 28.42 27.23 27.50
2DGS 26.71 25.99 21.84 18.41 23.24 20.92 21.66 23.85 29.49 23.98 25.70 26.73 27.72 26.52 26.67
3D-HGS 28.07 26.12 22.13 19.36 23.92 18.16 19.59 23.10 31.26 23.03 27.47 28.62 29.40 28.75 28.56

3DGS+EWA 27.67 28.40 28.23 27.19 27.87 20.27 21.76 24.90 29.38 24.08 26.50 27.75 28.93 29.25 28.11
3DGS+SS 27.67 27.71 25.47 22.59 25.86 20.14 21.50 24.84 31.22 24.42 27.37 28.54 29.69 29.44 28.76
Mip-Splatting 27.50 28.27 29.22 28.89 28.47 24.35 25.51 27.79 30.95 27.15 27.41 28.46 30.01 31.13 29.25
Analytic-Splatting 27.36 28.12 28.92 28.51 28.23 23.00 24.37 27.12 30.86 26.34 27.31 28.40 29.98 31.17 29.21

Gaussian Blending 27.55 28.62 29.92 30.58 29.17 24.86 25.97 28.13 30.90 27.47 27.58 28.77 30.24 31.54 29.53

Table 3: PSNR scores for multi-scale testing on the multi-scale Mip-NeRF 360 dataset. The best results are highlighted in bold.

et al. 2025), (ii) one mipmap-based anti-aliasing method:
Tri-MipRF (Hu et al. 2023), and (iii) three prefiltering-based
anti-aliasing methods: 3DGS+EWA (Zwicker et al. 2001),
Mip-Splatting (Yu et al. 2024b), and Analytic-Splatting
(Liang et al. 2024b). We also include a supersampling base-
line, 3DGS+SS, which renders images at the 2× target res-
olution and then downsamples it by half. Note that TensoRF
and Tri-MipRF are tested only in the Blender dataset, since
they are not applicable to unbounded scenes.

Gaussian Blending is a general rendering formulation that
can function both as a standalone model and as a drop-in
renderer for existing NVS frameworks. We demonstrate its
flexibility across three representative integration settings: (i)
for anti-aliased NVS methods such as Mip-Splatting and
Analytic-Splatting, we retain each model’s original train-
ing pipeline and simply substitute their rendering module
with our kernel at test time, denoted as Mip-Splatting+GBtest
and Analytic-Splatting+GBtest; (ii) for general 3DGS-based
frameworks such as Scaffold-GS, we replace the original
CUDA kernel with our Gaussian Blending kernel during
both training and inference, denoted as Scaffold-GS+GB;
and (iii) for models using non-3DGS rendering backbones,
such as 2DGS, we reimplement our spatial alpha blending
concept within their native kernel, yielding 2DGS+GB.

4.2 Approximation Error Analysis
As shown in Figure 3, scalar alpha blending meth-
ods—such as 3DGS, 3DGS+SS, Mip-Splatting, and
Analytic-Splatting—exhibit noticeable transmittance errors.
In particular, their transmittance error ∆T become nega-
tive, indicating dilation, where the occluded splat contributes
excessively to the pixel color. Although Analytic-Splatting
analytically integrates each splat’s response over the pixel
area, it still relies on scalar alpha blending when composit-
ing multiple splats. As a result, the first splat’s contribution
is computed accurately, but the second splat, which spa-
tially overlaps with the first splat, is blended using an av-
eraged transmittance value. This averaging neglects spatial
occlusion, causing the second splat to receive an erroneously
higher weight and leading to over-attenuated (dilated) trans-
mittance after rendering. In contrast, our Gaussian Blending
dynamically adjusts the transmittance window to explicitly
account for spatial occlusion. As a result, Gaussian Blend-
ing achieves on average more than 5× lower transmittance

PSNR ↑
×1 ×1/2 ×1/4 ×1/8 Avg.

TensoRF 33.03 33.92 30.99 27.26 31.30
3DGS 30.19 31.38 30.59 27.05 29.90
Scaffold-GS 28.56 29.85 29.41 26.08 28.48
2DGS 27.95 29.39 30.31 26.23 28.47
3D-HGS 30.96 32.40 31.90 28.70 30.99

Tri-MipRF 32.60 34.18 34.97 35.32 34.27
3DGS+EWA 30.34 31.78 32.45 31.50 31.52
3DGS+SS 32.12 33.81 33.98 31.13 32.76
Mip-Splatting 32.93 34.68 35.79 35.48 34.72
Analytic-Splatting 33.28 35.02 36.07 35.90 35.07

Scaffold-GS+GB 29.68 31.56 33.81 34.87 32.48
2DGS+GB 31.12 32.89 34.99 36.26 33.81
Mip-Splatting+GBtest 32.85 34.69 36.32 37.00 35.22
Analytic-Splatting+GBtest 33.15 35.09 36.52 36.44 35.30

Gaussian Blending 33.50 35.48 37.38 38.39 36.19

Table 4: Multi-scale training and multi-scale testing results
on the multi-scale Blender dataset.

error compared to previous methods.

4.3 Single-Scale Training and Multi-Scale Testing
To evaluate anti-aliasing performance at sampling rates not
encountered during training, we experiment with a single-
scale training and multi-scale testing setup. Specifically,
models are trained at each of the resolutions (×1, ×1/2,
×1/4, or ×1/8), and their rendering quality is tested across
all resolutions. Quantitative results demonstrate that Gaus-
sian Blending consistently outperforms competing methods
in both zoom-out (Table 1 and 3(a)) and zoom-in (Table 2
and 3(b)) scenarios, achieving particularly impressive gains
in zoom-out settings. Moreover, our qualitative results in
Figure 4 and 5 further illustrate that Gaussian Blending suc-
cessfully mitigates aliasing artifacts at sampling rates unseen
during training.

Models employing scalar alpha blending suffer from
pixel-level dilation and erosion artifacts. Mipmap-based
models struggle with rendering at unseen sampling rates due
to extrapolation issues, thus creating floaters from the un-
seen resolution mipmap. Mip-Splatting avoids sparsity is-
sues during zoom-in due to its 3D smoothing filter, but it
produces blurry renderings and fails to accurately recon-
struct high-frequency details. In contrast, our model pre-
vents saturation of the transmittance by avoiding rendering
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Method PSNR ↑ FPS ↑ Training Time ↓ Memory (MB) ↓
TensoRF 30.87 0.83 18m 18s 72.59
3DGS 24.95 131.80 16m 2s 61.86
Scaffold-GS 24.92 134.68 12m 2s 8.14
2DGS 23.79 95.35 19m 12s 25.97
3D-HGS 25.19 184.33 10m 43s 61.52

Tri-MipRF 29.58 3.18 6m 33s 58.31
3DGS+EWA 29.76 104.71 13m 18s 56.19
3DGS+SS 28.57 79.21 21m 56s 60.84
Mip-Splatting 31.73 131.58 10m 10s 71.28
Analytic-Splatting 31.59 72.07 11m 37s 69.62

Gaussian Blending-7K 34.02 128.49 2m 3s 55.17
Gaussian Blending-15K 35.24 112.45 6m 6s 72.82
Gaussian Blending-30K 35.58 123.08 12m 34s 72.82

Table 5: Efficiency comparison across different NVS meth-
ods. We report average zoom-out quality (PSNR), ×1 res-
olution rendering speed (FPS), training time, and storage
memory usage in the multi-scale Blender dataset.

in a low transmittance area. As shown in Table 5, Gaus-
sian Blending achieves real-time rendering without any ad-
ditional memory overhead and converges within only 7K it-
erations—over 3× faster than the baselines—while already
surpassing them in anti-aliasing performance.

4.4 Multi-Scale Training and Multi-Scale Testing
To further demonstrate the robustness of Gaussian Blending
in handling varying sampling rates, we also experiment with
multi-scale training and multi-scale testing. In this scenario,
models are simultaneously trained on images across all four
resolutions: ×1, ×1/2, ×1/4, and ×1/8, and then evaluated
on the same scales to assess whether models can effectively
learn from multi-scale data.

Table 4 and Table 3(c) show that our model outperforms
all other real-time and unbounded NVS methods. Our model
consistently captures spatial variations without introducing
dilation artifacts across diverse sampling rates, even when
trained on complex scenes spanning a wide range of sam-
pling rates.

4.5 Drop-in Gaussian Blending
To further demonstrate the generality of our formulation,
we apply Gaussian Blending to various NVS frameworks
with different rendering backbones, following the three in-
tegration types described in Section 4.1. Across all inte-
gration settings, Gaussian Blending consistently enhances
rendering quality and anti-aliasing performance. Remark-
ably, even when the splat size and spatial distribution are
learned according to each model’s native renderer—such as
in Mip-Splatting and Analytic-Splatting—simply replacing
their rendering kernel with ours at test time only prevents
pixel-level dilation. This demonstrates that Gaussian Blend-
ing offers a more physically consistent integration of alpha
and transmittance, effectively reducing pixel-level dilation
and preserving high-frequency details, all without retraining
or modifying the underlying representation.

Moreover, Gaussian Blending exhibits strong robustness
to unseen sampling rates, including both zoom-in and zoom-
out scenarios. While conventional scalar alpha blending
tends to blur boundaries under high sampling rates and in-
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Figure 6: Qualitative comparison of Gaussian Blending ap-
plied to 2DGS and Scaffold-GS.

troduce staircase-like dilation under low rates, our method
maintains stable transmittance accumulation and consistent
image quality across scales. When the model is trained
directly using our kernel, the improvements become even
more pronounced across all resolutions, confirming that
Gaussian Blending functions as a unified rendering for-
mulation suitable for both training and inference. Qualita-
tive comparisons in Figure 6 further support these findings:
both Scaffold-GS+GB and 2DGS+GB deliver sharper object
boundaries compared to their original rendering kernels. Our
spatial alpha blending concept generalizes beyond 3DGS
and can be applied to any neural rendering framework that
employs an integrable alpha or density function.

5 Conclusion
We introduced Gaussian Blending, a novel spatial alpha
blending method to address intra-pixel aliasing artifacts aris-
ing from traditional scalar alpha blending used in exist-
ing novel view synthesis (NVS) methods. By representing
alpha and transmittance as spatially varying distributions
within pixel regions, Gaussian Blending effectively miti-
gates erosion and dilation artifacts when rendering views
at sampling rates unseen during training. Leveraging the
spatial coherence of Gaussian splats, our approach main-
tains identical computational complexity and memory usage
to standard 3DGS. Extensive experiments demonstrate that
Gaussian Blending consistently synthesizes higher-quality
views across both single-scale and multi-scale scenarios
without additional priors or retraining. Furthermore, it can
be seamlessly integrated as a drop-in replacement for exist-
ing NVS frameworks, providing an efficient and practical
anti-aliasing solution.

While Gaussian Blending performs well even on complex
real scenes, it cannot resolve boundary blurring caused by
real camera effects such as diffraction, chromatic aberration,
and defocus blur. Additionally, since the zoom-in setting is
an ill-posed problem, high-frequency noise can occur when
highly specular objects are present (e.g., the drums scene).
Addressing these issues to further enhance performance in
complex real-world scenarios remains future work.
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