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Abstract

3D Gaussian Splatting (3DGS) has emerged as a mainstream
solution for real-time and high-fidelity novel view synthe-
sis. Building on this foundation, methods based on Textured
Gaussians further improve the expression ability by incor-
porating explicit texture mapping into Gaussians. However,
their reliance on fixed texture resolution often results in no-
ticeable visual incoherence, triggering artifacts such as alias-
ing or inconsistent sharpness under different viewpoints. To
address these issues, we propose PATexGS, a perceptual-
adaptive texture scheduling framework designed to improve
visual coherence for Textured Gaussians. Specifically, we in-
troduce an entropy-guided texture allocation strategy that dy-
namically adjusts texture resolution based on each Gaussian’s
spatial gradient and rendering contribution, constantly pre-
serving details while being memory efficient. Furthermore,
we incorporate a mipmap-inspired hierarchical scheduling
mechanism that adaptively schedules texture levels according
to view-dependent projection scale, effectively suppressing
aliasing and further enhancing perceptual consistency. Ex-
tensive experiments demonstrate that PATexGS significantly
improves visual coherence while maintaining high rendering
quality, outperforming existing TexturedGS variants in both
perceptual fidelity and storage efficiency.

Introduction
Neural rendering methods have revolutionized 3D recon-
struction and novel view synthesis, enabling high-fidelity
real-time rendering. Among them, 3D Gaussian Splatting
(3DGS) (Kerbl et al. 2023) has become a leading paradigm
for its efficient training, explicit scene representation, and
real-time performance. It has been widely applied in avatars
(Kocabas et al. 2024; Shao et al. 2024), city modeling (Lin
et al. 2024; Khan et al. 2024), scene editing (Chen et al.
2024b; Cen et al. 2025), and virtual reality (Jiang et al.
2024). However, 3DGS often produces inaccurate geometry
and floaters in novel views. To improve surface alignment,
2D Gaussian Splatting (2DGS) (Huang et al. 2024a) aligns
oriented 2D Gaussians with underlying surfaces, achieving
better geometry but lower rendering quality. Yet, both 3DGS
and 2DGS remain limited in their ability to represent high-
frequency visual details.

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Teaser. Compared to the other textured Gaussian-
based method (Svitov et al. 2024), our PATexGS achieves
superior visual coherence and faithfully preserves fine de-
tails under both zoom-in and zoom-out views.

To enhance the expression ability, many works have ex-
plored adjusting the Gaussian kernel or using other types of
primitives (Zhu et al. 2025; Hamdi et al. 2024; Wang et al.
2024). Recently, Textured Gaussians (Chao et al. 2025) and
related works (Xu et al. 2024; Rong et al. 2025; Huang and
Gong 2024; Svitov et al. 2024) draw inspiration from tradi-
tional rasterization by assigning a texture map to each Gaus-
sian. With the RGB map for color and the alpha map for
shape, it allows Gaussians to represent more complex struc-
tures and patterns using fewer primitives. Nonetheless, these
approaches typically need to set a fixed texture resolution,
which introduces two major problems(illustrated in Fig. 1):
(1) it fails to adapt to varying scene entropy, causing detail
loss in complex regions or memory waste in smooth areas;
(2) it suffers from aliasing and inconsistent sharpness un-
der view changes, similar to classic rendering artifacts like
Moiré patterns or jagged edges.

To address these limitations, we propose PATexGS, a
Perceptual-Adaptive Texture Scheduling framework for tex-
tured Gaussian splatting. Our method introduces two key
contributions: First, we design an entropy-guided adaptive
texture allocation strategy that adjusts the resolution of each
Gaussian’s texture map according to its gradient and ren-
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dering contribution, progressively increasing detail expres-
sion where needed while reducing memory overhead. Sec-
ond, inspired by mipmapping techniques in graphics, we im-
plement a view-aware hierarchical texture scheduling mech-
anism that selects appropriate mip levels during rendering
based on projected scale, significantly reducing aliasing and
improving perceptual consistency. Extensive experiments
across diverse datasets (Mip-NeRF 360, Tanks and Temples,
and Deep Blending) demonstrate that PATexGS achieves
superior visual coherence and rendering quality compared
to existing textured Gaussian methods, especially in low-
resolution or zoom-out view settings. Our approach also re-
mains efficient and robust under reduced Gaussian budgets,
highlighting its potential for scalable high-fidelity rendering
in real-world applications.

Our main contributions can be summarized as follows:

• Per-Gaussian adaptive texture allocation. We intro-
duce a progressive texture growth mechanism that dy-
namically adjusts each Gaussian’s texture resolution
based on its rendering contribution and spatial gradient,
enabling efficient detail preservation while avoiding re-
dundant memory usage.

• Mipmap-inspired hierarchical scheduling. We pro-
pose a view-aware texture level selection strategy by con-
structing multi-scale mipmaps for each Gaussian, which
significantly reduces aliasing and improves perceptual
consistency under varying viewing conditions.

• A robust textured Gaussian rendering framework.
We develop PATexGS as a novel textured Gaussian
pipeline that supports high-quality, visually coherent ren-
dering across real-world scenes.

Related Work
Novel View Synthesis
Novel view synthesis (NVS) aims to generate photorealis-
tic novel views from a set of posed images. With the devel-
opment of Structure-from-Motion (SfM) (Schonberger and
Frahm 2016) and Multi-View Stereo (MVS) (Schönberger
et al. 2016), it laid the foundation for many breakthrough
methods (Zhou et al. 2018; Mildenhall et al. 2019). How-
ever, they often require storing numerous input images for
reprojection and blending, causing high memory usage and
failures in under-sampled regions. Recent advances in neu-
ral rendering have significantly improved the fidelity and
efficiency of NVS (Mildenhall et al. 2021; Barron et al.
2023). Among them, 3D Gaussian Splatting (3DGS) (Kerbl
et al. 2023) has emerged as a leading technique by com-
bining explicit Gaussian primitives with real-time render-
ing capabilities. However, 3DGS often overfits to training
views, resulting in geometry-inconsistent floaters in novel
views. To eliminate such geometrically inaccurate floaters,
many works (Guédon and Lepetit 2024; Huang et al. 2024a;
Yu, Sattler, and Geiger 2024; Jiang et al. 2025; Lyu et al.
2024) explicitly impose geometric constraints within the
3DGS framework. 2DGS (Huang et al. 2024a) introduces
surface-aligned elliptical Gaussians, enhancing mesh recon-
struction accuracy through a ray-ellipse intersection formu-

lation. GOF (Yu, Sattler, and Geiger 2024) proposes a vol-
umetric representation that models surface opacity using
compact Gaussian fields, achieving adaptive surface recon-
struction even in unbounded or incomplete environments.
PGSR (Chen et al. 2024a) incorporates a multi-view geo-
metric consistency loss to ensure that Gaussians maintain
geometric accuracy across views. Yet, while these methods
improve geometry, they often tend to underperform 3DGS
in visual quality. Furthermore, all Gaussian-based methods
need numerous Gaussians to express fine visual details.

Textured Gaussians
Recent works (Svitov et al. 2024; Rong et al. 2025; Song
et al. 2024; Xu et al. 2024; Chao et al. 2025; Huang and
Gong 2024) propose to decouple geometry and appearance
by enriching Gaussians with texture information. For in-
stance, Texture-GS (Xu et al. 2024) leverages an MLP to
map each Gaussian’s local coordinates to a UV texture
space, enabling texture-level editing in synthetic settings.
Other approaches, such as GStex (Rong et al. 2025), as-
sign each Gaussian a texture map to enhance its ability to
capture appearance details. BBSplat (Svitov et al. 2024)
and Textured Gaussians (Chao et al. 2025) further introduce
RGBA texture maps into Gaussians, using RGB channels
for color details and alpha channels for geometry details.
These texture-based methods can increase the expression
ability of Gaussians and avoid overfitting training views with
wrong geometry. While significantly boosting rendering fi-
delity, they typically need to assign a fixed resolution texture
to every Gaussian in advance, regardless of the local scene
complexity corresponding to each Gaussian. This uniform
allocation not only introduces redundancy in low-entropy
regions but also limits the detail capacity in high-entropy
areas. Moreover, although textured Gaussians naturally alle-
viate needle-like artifacts under zoomed-in views due to bi-
linear interpolation of texture, they still suffer from aliasing
and Moiré patterns when zoomed out, similar to traditional
rasterization pipelines. As a result, these textured Gaussian-
based methods often suffer from visual incoherence.

Anti-Aliasing
Texture aliasing has long been a critical issue in classical
rendering pipelines. To mitigate this, mipmap-based strate-
gies were introduced, most notably by Williams (Williams
1983). Mipmapping precomputes a pyramid of progres-
sively downsampled textures, allowing the renderer to se-
lect an appropriate resolution level based on screen-space
derivatives of texture coordinates, thereby suppressing alias-
ing and Moiré effects. In neural rendering, similar ideas have
been explored (Barron et al. 2021, 2022; Hu et al. 2023).
For 3DGS, a fixed, view-independent margin is artificially
added around each Gaussian to prevent the loss of gradient
when its projected size on the image falls below one pixel.
However, this hard margin exacerbates aliasing and leads
to inferior anti-aliasing compared to NeRF-based methods.
Several works have been proposed to deal with the above
issue. Mip-Splatting (Yu et al. 2024) introduces a 3D Gaus-
sian size constraint based on maximal view sampling fre-
quency and replaces traditional screen-space dilation with a
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Figure 2: Pipeline. We first initialize texture resolution based on each Gaussian’s scene contribution, then progressively adjust it
using gradient-based allocation. During rendering, mipmaps are built per Gaussian, and the appropriate level is selected based
on the projected pixel footprint. Final colors are obtained via alpha blending.

2D mip filter. MS-GS (Yan et al. 2024) maintains a hierar-
chy of Gaussians at multiple scales, enabling selective ren-
dering: small Gaussians for high-resolution views and larger
ones for zoomed-out views. Analytic-Splatting (Liang et al.
2024) refines pixel-level intensity computation by analyti-
cally integrating the Gaussian window over each pixel foot-
print rather than sampling at the center. Spectral-GS (Huang
et al. 2024b) leverages spectral analysis of Gaussian covari-
ance to introduce shape-aware splitting and view-consistent
filtering. However, these techniques are for vanilla Gaussian
primitives and do not apply to textured Gaussians.

Method
In this section, we first provide a brief overview of the
textured Gaussian, which serves as the foundation of our
method. We then introduce the adaptive texture allocation
strategy and the mipmap-based texture scheduling, forming
our PATexGS, as illustrated in Fig. 2.

Preliminaries: Textured Gaussian Splatting
Textured Gaussian Splatting extends 2D Gaussian Splatting
by assigning each Gaussian primitive a learnable texture
map in addition to geometric parameters. Each 2D Gaus-
sian i is defined by a set of attributes: position µi, scale si,
rotation quaternion ri, opacity oi, and a spherical harmon-
ics(SH) function SHi for view-dependent color. In practice,
a local tangent plane Pi(x, y) is defined for Gaussian i using

a transformation matrix Hi as follows:

Pi(x, y) = Hi · (x, y, 1, 1)⊤ =

[
RiSi µi

0 1

]
· (x, y, 1, 1)⊤,

(1)
where Ri is the rotation matrix derived from a quaternion ri,
Si is the scaling matrix defined by the scale parameter si,
and (x, y) is the point coordinate on the Pi. The Gaussian
distribution on this plane is then computed using:

G(x, y) = exp

(
−x2 + y2

2

)
. (2)

To project the Gaussian onto the screen, 2DGS calculates
the intersection point between the camera ray from the pixel
p and the plane Pi, from which the corresponding (x, y) co-
ordinates are obtained. These (x, y) values are used as inputs
for texture mapping. Given an RGBA texture map Texi for
i, the color contribution of i to pixel p is:

ci(p) = Texi[RGB](x, y) + SHi(d⃗). (3)
And the alpha contribution is:

αi(p) = Texi[A](x, y) ·Gi(x, y). (4)
Then the final color of p is:

c(p) =
K∑
i=1

ci(p)αi(p)
i−1∏
j=1

(1− αj(p)). (5)

For more details about textured Gaussians, please refer
to (Chao et al. 2025; Svitov et al. 2024).
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Figure 3: Quality comparison. Our method avoids the over-smoothing commonly observed in high-entropy regions with other
approaches, ensuring detail fidelity across the entire scene and coherent visual appearance.

Adaptive Texture Allocation
While textured Gaussians improve the expression ability, ex-
isting methods often assign a fixed-resolution texture for ev-
ery Gaussian, regardless of whether it contains local details.
This leads to memory inefficiency in smooth regions and in-
sufficient resolution in complex areas. Moreover, the train-
ing progress could be hard to find the global optimal solution
when giving Gaussians high-resolution textures, resulting in
an even worse rendering quality. To solve the above issues,
we propose an adaptive texture allocation strategy. The core
idea is to assign higher-resolution textures to Gaussians that
contribute more to the rendered image or lie in regions of
high geometric complexity. To avoid an overly large solution
space, similar to (Chao et al. 2025), we first train the scene
using vanilla 2DGS without texture. Then, we initialize each
Gaussian with a 5×5 alpha texture and a 1×1 RGB texture.
After a 1000-step warm-up to bridge the energy gap between
2DGS and textured rendering, we compute each Gaussian’s
contribution score Si on image j (Fang and Wang 2024) as:

Sij =
∑
p∈Ij

δ (ci(p) = cmax(p)) , (6)

where ci(p) represents the contribution of Gaussian i at pixel
p, cmax(x) denotes the highest contribution of a single Gaus-
sian at pixel p, and δ is an indicator function. As Sij counts
the number of pixels in image j for which Gaussian i con-
tributes the most, Gaussians with high Sij are responsible
for rendering the primary structure and texture of the scene
and therefore require higher texture capacity to accurately
model appearance details.

On the other hand, if a Gaussian is frequently observed
and strongly contributes across multiple views, it is likely
located in the core reconstruction region of the scene, where

the need for fine details is more critical. Thus, we accumu-
late the contributions across all n training images, and allo-
cate the Gaussian i a texture map with T init

i ×T init
i resolution,

where the size T init
i is computed as:

T init
i =

n∑
j=1

log2

(
1 +

Sij

σ

)
, (7)

where σ is a hyperparameter to control the absolute resolu-
tion scale of the reconstructed scene.

As the shapes of Gaussians are mainly inherited from
2DGS and may not be well-suited for the textured Gaus-
sians, in addition to contribution-based texture initialization,
we further introduce a texture refinement that progressively
increases the texture resolution for such Gaussians. Specif-
ically, we adopt the position gradient ∇pL, introduced in
2DGS, as an indicator for texture refinement. A larger gra-
dient implies that the Gaussian needs to encode higher in-
formation entropy, thereby necessitating a higher-resolution
texture to accurately capture the details. However, during the
early stage of optimization, aggressively assigning large tex-
ture maps to Gaussians can significantly expand the solu-
tion space and destabilize training. To mitigate this, we use
a progressive training strategy that prioritizes texture growth
for low-entropy Gaussians in the early phase and gradually
shifts focus to high-entropy ones in later stages. At each it-
eration, we only grow the texture size of Gaussians whose
positional gradients fall within a dynamic range:

τlow < ∇pL < τhigh, (8)

with

τhigh = τpreset +

(
t− t0

tfinal − t0

)3

· (τmax − τpreset),

τlow = 0.9 · τhigh,

(9)
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Dataset Mip-NeRF360 Tanks&Temples Deep Blending
Method | Metric PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
3DGS (Kerbl et al. 2023) 27.21 0.815 0.214 23.60 0.847 0.181 29.40 0.903 0.243
2DGS* (Huang et al. 2024a) 27.16 0.802 0.237 23.42 0.837 0.197 29.60 0.902 0.251
Mip Splatting (Yu et al. 2024) 27.79 0.827 0.203 23.75 0.857 0.157 29.46 0.903 0.243
BBSplat* (Svitov et al. 2024) 26.92 0.786 0.228 23.69 0.852 0.150 29.40 0.902 0.248
BBSplat + our adaptive 27.11 0.785 0.234 24.10 0.853 0.155 29.70 0.902 0.244
Tex. Gau.* (Chao et al. 2025) 27.26 0.791 0.215 23.72 0.836 0.170 29.22 0.893 0.248
Ours 27.71 0.816 0.197 24.15 0.853 0.151 29.80 0.902 0.221
2DGS(10%)* 25.62 0.722 0.358 22.56 0.781 0.298 29.26 0.892 0.284
Ours(10%) 26.54 0.771 0.269 23.43 0.822 0.216 29.69 0.905 0.244
2DGS(1%)* 22.64 0.581 0.504 19.68 0.640 0.450 26.80 0.850 0.369
Ours(1%) 23.84 0.649 0.417 20.87 0.712 0.360 28.05 0.879 0.307

Table 1: Quantity comparison on rendering quality. * denotes re-implementation using the corresponding open-source codes.
Our method performs consistently well in different scenes. Even when using fewer Gaussians (10% of the default optimized
number of Gaussians), our method can still achieve competitive results.

where τpreset is the initial threshold, t is the current training
iteration, t0 is the starting iteration, tfinal is the ending itera-
tion, and τmax is the maximum positional gradient among all
Gaussians at the current iteration.

For the selected Gaussians in the dynamic range, T t+1
i for

the next iteration is recomputed as:

T t+1
i = T t

i +

√
∇pL
τlow

. (10)

This schedule ensures that in the early phase, texture re-
sources are allocated to relatively low-entropy regions to en-
sure convergence stability, while in the later stages, Gaus-
sians responsible for fine details receive higher-resolution
textures to support accurate fitting.

Mipmap-based Texture Scheduling
With adaptive texture allocation, textured Gaussians can get
rid of visual incoherence caused by the different clarity of
details. However, they still suffer from aliasing when view-
ing distant changes. To address this, we integrate a mipmap-
style mechanism into the textured Gaussian pipeline. Unlike
traditional mipmapping techniques, which typically apply
only to RGB textures and require additional supersampling
or post-filtering to handle geometric aliasing, our approach
can leverage the inherent opacity channel of textured Gaus-
sians to construct RGBA mipmap pyramids. This enables us
to suppress aliasing both in appearance and geometry with-
out the need for costly ray-based supersampling.

Specifically, for a Gaussian with texture size Ti = n, we
construct a mipmap pyramid {Texl

i}Ll=0 with L = ⌈log2 n⌉.
Level l = 0 is fixed as the original texture with resolution
n × n. Each subsequent level l = k has resolution 2L−k ×
2L−k, and is obtained by bilinear downsampling from the
previous level k − 1.

At rendering time, the appropriate mip level lmip is se-
lected based on the projected footprint of each Gaussian
in screen space. Given a target pixel located at (X1, Y1),
we first get the intersection point of the camera ray on

the corresponding 2D Gaussian plane, denoted as (x1, y1).
We then consider its two neighboring pixels, (X1 + 1, Y1)
and (X1, Y1 + 1), and compute their respective intersection
points with the same Gaussian plane, denoted as (x2, y2) and
(x3, y3). Next, we calculate the Euclidean distances D12 and
D13 between the intersection point (x1, y1) and its neigh-
bors (x2, y2), (x3, y3). The appropriate mipmap level lmip is
then selected based on the two distances:

lmip = min(⌈log2 n⌉,max(0, ⌊log2(λmip · n ·
max(D12, D13))⌋)),

(11)

where λmip is a tunable hyperparameter.
The final rendered RGB color for Gaussian i at X1, Y1 is

computed using the RGB channels as:

ci(X1, Y1) = Texlmip
i [RGB](x1, y1) + SHi(d⃗), (12)

where d⃗ is the view direction toward the Gaussian.
For the alpha channel, we compute the alpha as:

αi[X1, Y1] = Gi(x1, y1) · Texlmip
i [A](x1, y1), (13)

where Gi(u) is the Gaussian weight at coordinate u com-
puted by Eq. 2. This modification integrates the Gaussian
distribution with the alpha mipmap. It allows textured Gaus-
sians to express geometry boundaries well when zoomed out
without using supersampling.

Experiments
Implementation
Following Textured Gaussians (Chao et al. 2025), we first
train a 2DGS model and use its reconstructed point cloud as
the initialization for our method. During training, we set the
threshold τpreset to 1e−5, σ to H×W/1e+4 and the mipmap
scaling factor λmip to 0.4. We also integrate our method with
BBSplatting (Svitov et al. 2024) using the same parameters
to demonstrate its generalization ability. All experiments are
conducted on a single NVIDIA RTX 4090.
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Figure 4: Quality comparison for anti-aliasing. Our method remains highly consistent with the ground truth while zooming out,
providing a highly consistent visual experience when the viewing distance changes.

Figure 5: Effects of adaptive texture allocation. Using only low-resolution textures will result in blurring, while rashly increasing
the texture resolution will result in noise. Only adaptive texture allocation can ensure high-quality rendering results.
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Resolution Full 1/2 1/4 1/8
Method | Metric PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
2DGS* (Huang et al. 2024a) 27.16 0.802 0.237 25.82 0.805 0.184 21.31 0.661 0.233 18.20 0.502 0.289
BBSplat* (Svitov et al. 2024) 26.92 0.786 0.228 27.66 0.828 0.154 26.88 0.815 0.146 25.12 0.768 0.182
BBSplat + our mipmap 26.92 0.786 0.229 27.82 0.833 0.151 27.91 0.851 0.116 27.20 0.857 0.111
Tex. Gaus.* (Chao et al. 2025) 27.26 0.791 0.215 26.12 0.793 0.171 21.87 0.662 0.227 19.00 0.529 0.293
Ours 27.71 0.816 0.197 28.63 0.862 0.125 28.49 0.880 0.098 27.12 0.878 0.099

Table 2: Quantity comparison for anti-aliasing. * denotes re-implementation using the corresponding open-source codes. Our
method consistently performs well at various resolutions.

Resolution Full 1/2 1/4 1/8
Method | Metric PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
Full 23.43 0.822 0.216 24.16 0.869 0.137 24.26 0.889 0.094 23.65 0.897 0.082
w/o mip. 23.41 0.822 0.215 23.87 0.861 0.141 22.91 0.856 0.128 21.15 0.827 0.151
w/o alpha mip. 23.42 0.822 0.216 23.96 0.862 0.140 23.21 0.864 0.120 21.59 0.841 0.137
w/o RGB mip. 23.43 0.822 0.216 24.09 0.865 0.137 23.99 0.880 0.102 23.35 0.882 0.097

Table 3: Ablation study on mipmap-based texture scheduling. Our full method consistently outperforms variants (without
mipmaps, RGB mipmaps, or alpha mipmaps), especially under extreme downsampling (1/8).

Method | Metric PSNR↑ SSIM↑ LPIPS↓ Storage/M↓
Full 23.43 0.822 0.216 45
Similar par. 23.29 0.820 0.219 42.2
4×4 23.10 0.801 0.258 25.1
8×8 23.26 0.817 0.230 36.7
16×16 23.19 0.818 0.210 78.2
32×32 23.02 0.814 0.203 223.0

Table 4: Ablation study on adaptive texture allocation. Sim-
ilar par. stands for manually adjusting texture resolution to
achieve similar parameters as our full method.

Quantitative and Qualitative Comparison

Following 3DGS, we test our method on 9 scenes from the
Mip-NeRF 360 dataset (Barron et al. 2022), 2 scenes from
the Tanks and Temples dataset (Knapitsch et al. 2017), and
2 scenes from the Deep Blending dataset (Mildenhall et al.
2021). We qualitatively compare our reconstruction results
with other methods from two perspectives. First, we evalu-
ate the ability to preserve fine details, as shown in Fig. 3. For
a visually coherent reconstruction, all regions must appear
consistently sharp, rather than having a mixture of clear and
blurry areas. Our method achieves the highest fidelity to de-
tails, whereas other methods often show noticeable blurring
in certain regions. Meanwhile, our method can also reduce
texture storage given the same number of Gaussians. We
then examine rendering quality under zoom-out conditions.
As illustrated in the same figure, both baseline 2DGS and
BBSplat suffer from degradation when zoomed out, such
as grid-like artifacts or Moiré patterns. In contrast, our ap-
proach best preserves the global appearance and structural
integrity of the scene, resulting in significantly improved vi-
sual coherence across varying camera distances. Quantita-
tive comparisons in Tab. 1 and Tab. 2 further support these
findings as our results consistently perform well.

Ablation Study

In this section, we further conduct several experiments to
demonstrate the effectiveness of each module we propose.
To more clearly show the effect of each module, we have
used only 10% of the default optimized number of Gaus-
sians.s As shown in Fig. 5, adaptive texture allocation signif-
icantly improves detail rendering. Fixed-resolution textures
either blur high-entropy regions due to insufficient capacity
or, when overly large, risk local optima and introduce noise
(note that LPIPS is calculated via neural networks and can’t
distinguish noise very well). In contrast, our adaptive alloca-
tion strategy gradually increases texture resolution, avoiding
optimization traps while accurately preserving fine details.
Quantitative comparisons in Tab. 4 further confirm that even
with a similar parameter budget, fixed-resolution baselines
still underperform our adaptive approach. For anti-aliasing,
without mipmap-based scheduling (whether for the RGB
channel or the alpha channel), zoom-out views can suffer
from aliasing, while our full method preserves consistent
quality, as shown in Tab. 3.

Conclusion

In this paper, we propose PATexGS, a perceptual-adaptive
texture scheduling framework designed to enhance visual
coherence in textured Gaussian splatting. Our method intro-
duces a texture allocation strategy that adaptively changes
the texture resolution per-Gaussian based on rendering con-
tribution and spatial gradients, as well as a mipmap tex-
ture scheduling mechanism to mitigate aliasing under view
changes. Through extensive experiments, PATexGS has
been proven consistently to outperform existing textured
Gaussian baselines. Our future work may explore the dis-
entanglement of texture and lighting in textured Gaussians,
enabling relighting.
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