Under review as a conference paper at ICLR 2026

A2TG: ADAPTIVE ANISOTROPIC TEXTURED GAUS-
SIANS FOR EFFICIENT 3D SCENE REPRESENTATION

Anonymous authors
Paper under double-blind review

ABSTRACT

Gaussian Splatting has emerged as a powerful representation for high-quality, real-
time 3D scene rendering. While recent works extend Gaussians with learnable
textures to enrich visual appearance, existing approaches allocate a fixed square
texture per primitive, leading to inefficient memory usage and limited adaptabil-
ity to scene variability. In this paper, we introduce adaptive anisotropic tex-
tured Gaussians (A>TG), a novel representation that generalizes textured Gaus-
sians by equipping each primitive with an anisotropic texture. Our method em-
ploys a gradient-guided adaptive rule to jointly determine texture resolution and
aspect ratio, enabling non-uniform, detail-aware allocation that aligns with the
anisotropic nature of Gaussian splats. This design significantly improves texture
efficiency, reducing memory consumption while enhancing image quality. Experi-
ments on multiple benchmark datasets demonstrate that A>’TG consistently outper-
forms fixed-texture Gaussian Splatting methods, achieving comparable rendering
fidelity with substantially lower memory requirements.

1 INTRODUCTION

Recent advances in Gaussian Splatting have established it as a powerful paradigm for 3D scene
representation, offering both high-fidelity reconstructions and real-time rendering performance. In
particular, 3D Gaussian Splatting (3DGS) and its 2D variant, 2D Gaussian Splatting (2DGS), have
attracted significant attention due to their ability to combine explicit geometric structure with effi-
cient differentiable rasterization, enabling compelling results across a range of applications in view
synthesis, reconstruction, and immersive content creation.

Unlike mesh-based representations, which compactly encode repetitive high-frequency appearance
via texture maps, Gaussian splatting typically approximates such detail by instantiating many small
primitives, leading to artifacts and inefficient memory usage. |Chao et al.|(2025) show that attaching
a learnable, uniform square texture patch to each Gaussian substantially enhances visual richness
and realism. However, this design ignores variability in primitive geometry, and opacity. Some
Gaussians require high-frequency textures to capture fine detail, whereas others only need to convey
coarse appearance with simple texture. Consequently, fixed-size texture allocations waste memory,
inflate storage, and poorly adapt to the anisotropic Gaussians.

In this paper, we propose adaptive anisotropic textured Gaussians (A’TG), a novel representation
designed to address these limitations. Instead of attaching a uniform square texture to each Gaussian,
A’TG assigns an anisotropic texture whose resolution and aspect ratio are jointly determined by a
gradient-based adaptive texture control strategy. This adaptive anisotropic texture allows Gaussians
to have different patterns and details across the scene. Gaussians covering high-frequency or direc-
tionally elongated regions are assigned higher-resolution anisotropic textures, while simpler regions
receive more compact representations. However, it is challenging to devise a principle to guide per-
Gaussian texture resolution and pixel values. Many 2D Gaussians yield little benefit from textures
due to small projected footprints, low opacity, and occlusion. We introduce gradient-guided adap-
tive control to iteratively upscale the textures according to the positional gradient and the geometry
of the Gaussians. As a result, A>TG improves memory efficiency while also achieving comparable
image quality, as texture parameters are more efficiently allocated.
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We evaluate A’TG across diverse datasets and benchmark tasks. Our results show that the pro-
posed approach achieves more effective texture utilization, leading to comparable image quality
compared to textured Gaussian Splatting methods with fixed square textures, while substantially re-
ducing memory overhead. These findings suggest that our adaptive anisotropic texture allocation is
a promising path toward scalable and efficient textured Gaussian representations.

Our main contributions are summarized as follows.

» We introduce A’TG, a generalization of Textured Gaussians that leverages an adaptive
anisotropic texture for each Gaussian.

* We propose a gradient-based adaptive texture control strategy for allocating texture resolu-
tion and aspect ratio, enabling non-uniform, detail-aware texture mapping.

» We demonstrate that A>’TG improves memory efficiency while maintaining comparable
visual fidelity across multiple benchmarks, advancing the state-of-the-art in texture-based
Gaussian Splatting.

2 RELATED WORK

2.1 NOVEL VIEW SYNTHESIS

Novel View Synthesis addresses the challenge of generating realistic renderings of 3D scenes from
previously unseen viewpoints, given a set of captured images with known camera poses (Chaurasia
et al.,[2013; |Hedman et al., | 2018bj [Kopanas et al.,[2021)). Neural Radiance Fields (NeRF) represent
scenes using a multi-layer perceptron (MLP) that models both geometry and view-dependent ap-
pearance, trained through volume rendering to achieve high-fidelity image synthesis (Barron et al.,
2021;|Tancik et al.,2020; Mildenhall et al.,|2021). On the other hand, 3D Gaussian Splatting (3DGS)
(Kerbl et al.,2023)) has emerged as a powerful alternative, capable of delivering real-time novel view
synthesis with impressive visual quality. Building on its success, extensions of 3DGS have rapidly
appeared across diverse applications. More recently, 2D Gaussian Splatting (2DGS) (Huang et al.,
2024) builds upon 3DGS by introducing a “flattened” variant of Gaussian primitives that aligns more
naturally with object surfaces, allowing more accurate intersection calculation and opens the door
to further applications such as mesh extraction.

2.2 TEXTURED GAUSSIAN SPLATTING REPRESENTATION

The color of each Gaussian primitive is typically parameterized by spherical-harmonic (SH) coef-
ficients, which, given a viewing direction, evaluate to a view-dependent RGB. Consequently, for
a fixed view, each primitive yields a single color distributing over its 2D footprint, limiting intra-
primitive color detail. [Huang & Gong| (2024) adds spatially varying appearance to each 3D Gaus-
sian, enabling richer 3DGS representation. Texture-GS (Xu et al.l 2024b)) maps textures onto 3D
Gaussians, but the method is demonstrated primarily on small objects, limiting scalability. (Chao
et al.|(2025) further introduces RGBA texture maps to improve visual quality.

By contrast, 2DGS (Huang et al.,[2024) conforms more closely to underlying surfaces and provides
a more accurate parameterization for texture mapping, making it better suited for texture integration
(Svitov et al., 2024} |Xu et al., [2024a} [Weiss & Bradleyl 2024} Rong et al., [2025; [Song et al., [2024)).
These methods employ predefined RGB or RGBA textures, and (Rong et al.| 2025) further adopts
world-space texture mapping. However, these methods assign a fixed-size and square texture to
every 2D Gaussian. Because Gaussians have varying geometry and opacity, uniform texture sizes are
memory-inefficient; tiny or highly transparent Gaussians gain little benefit while inflating storage.
Thus, we propose A’TG, which uses adaptive anisotropic textured Gaussians that allocate texture
resolution to each primitive according to its footprint and gradient.

2.3 MEMORY-EFFICIENT GAUSSIAN SPLATTING REPRESENTATION

Gaussian primitives offer efficient real-time rendering via learned positions, covariances, color, and
opacity; however, 3DGS models are typically storage-intensive due to the large number of primi-
tives and per-primitive attributes. Several 3DGS compression methods address this issue, including
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Figure 1: Overview of gradient-based adaptive texture control. Given an initial 2DGS model,
(a) our system first optimize the parameters of the 2D Gassians and their textures. (b) Next, we
compute the positional gradient of the textured 2D Gassians (as depicted in gray blocks) and select
the 2D Gassians that need to increase the resolution of the texture to gain more details. (c) Finally,
we adaptively upscale the textures according to the anisotropy of the Gaussians.

vector quantization (Fan et al., 2024; [Lee et al.| [2024; Niedermayr et al., [2024)), and splat-count
reduction (Papantonakis et al., |2024; [Zhang et al.l 2024} Mallick et al., |2024), and context mod-
els (Wang et al., 2024) . These approaches can improve memory efficiency, while the results have
similar visual fidelity to the original Gaussian models (Bagdasarian et al.| 2025)). In this work, we
target memory-efficient textured Gaussians by adaptively controlling per-Gaussian texture resolu-
tion; this direction is orthogonal and complementary to prior compression methods and remains
compatible with them.

3 PRELIMINARIES

Textured Gaussian splatting methods naturally build upon 2D Gaussian splatting (Huang et al.,
2024]), as the latter provides a convenient framework for defining UV coordinates in the local space
of 2D splats, thereby enabling consistent texture sampling.

More concretely, 2D Gaussian splatting represents a 3D scene using a collection of flat 2D Gaussians
instead of volumetric 3D Gaussians (Kerbl et al., [2023). Each Gaussian is parameterized as

SH
{mi si i 04, ¢},
where p; denotes its center position, s; the 2D scale, r; a quaternion rotation, o; the opacity, and

SH; the spherical harmonics coefficients encoding view-dependent appearance.

For each 2D Gaussian, a local UV coordinate system is defined. The mapping from this local space
to the screen space is expressed as

x = WH(u,v,1,1) 7, (1)

where x = (z,y,1,1)T is the homogeneous ray passing through pixel (z,y), (u,v,1,1)" is the
corresponding intersection point in the local Gaussian space, W € R**# is the world-to-screen
transformation matrix, and H is the local-to-world transformation constructed from the Gaussian’s
position, rotation, and scale Huang et al.| (2024)).

)T

To render a set of Gaussians, uv-coordinates of the ray—splat intersection are first computed as
u(x) = (u(x),v(x)) by inverting Equation|l| The final color of each pixel is then obtained using
front-to-back alpha compositing:
i—1
c(x) = cioiGi(ux)) [] (1-0;G;ux), 2)
i=1

j=1

where c; is the color of the i-th Gaussian and G; is its Gaussian kernel evaluated at the wuwv-
coordinates.

4 METHODOLOGY

Recent works augment 2D Gaussians with texture maps to improve rendering quality and efficiency.
Most assign a fixed, square texture to every Gaussian, regardless of its scale, opacity, or visibility.
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This creates redundancy and unnecessary memory usage. We instead assign each 2D Gaussian an
individual texture resolution and shape, thereby allocating parameters where they matter most.

Our framework starts with training the given scene by integrating a Markov Chain Monte Carlo
(MCMC) densification scheme (Kheradmand et al.,|2024) to the 2DGS pipeline (Huang et al., 2024)
for the first 30, 000 iterations. With MCMC densification, we can easily control the total number
of the Gaussians in the final results. During this pretraining stage, each Gaussian’s texture is fixed
to 1 x 1 with texture color TRGB = 0 and texture alpha T4 = 0 (i.e., without textures). Next, we
fix the total number of the 2D Gaussians, set the texture alpha T4 = 1, and train the 2DGS model
with the gradient-based adaptive texture control for another 30, 000 iterations. At each iteration, we
first update the parameters of 2D Gaussian and texture (i.e., TR<B and T4), followed by applying
gradient-based adaptive texture control, which consists of gradient-driven Gaussian selection and
adaptive texture upscaling as illustrated in Figure[T] This procedure adjusts the resolution and aspect
ratio of each texture to match the anisotropic footprint of its Gaussian, upscaling where gradients
are large. We detail the gradient-based adaptive texture control in the following subsection.

4.1 ANISOTROPIC TEXTURED GAUSSIANS

We first augment each 2D Gaussian a RGB texture TZRGB and an alpha texture T, then we utilize
the local space of the 2D Gaussians for texture mapping with RGBA textures, as the prior works
of textured Gaussians (Xu et al., 2024a; Svitov et al., 2024; (Chao et al.| 2025). After getting the
uv-coordinate by taking the inverse of Equation we rescale the range of v and v from [—1,1] to
[0, 7;*] and [0, 7."], where T;* and T." are the texture width and height of the i-th 2D Gaussian, so
every texture may have different width and height.

The color contribution of the i-th 2D Gaussian to pixel x is now calculated by combining the RGB
color from the spherical harmonic csy, and the texture color as

ci(x) = ciSH + TZ-RG’B (u(x)), 3)

where u maps the pixel x to the uv-coordinate. The alpha value of the i-th Gaussian is calculated
by
a;(x) = 0; - G(u(x)) - T;* (u(x)) @)

where G and o; are the Gaussian distribution function and the opacity of the i-th 2D Gaussian. For
querying the texture values 729 (u(x)) and -T (u(x)) from uv coordinates u(x), we use bilinear
interpolation, following (Chao et al.,|2025)). Finally, the resulting pixel value at pixel x is calculated
on the sorted 2D Gaussians from front to back as

i—1

c(x) =) eix)ai(x) [T (1 — o (x)). (5)

i=1 j=1

We next utilize the pixel and alpha values to compute the gradient and guide the upscaling of the
textures.

4.2 GRADIENT-DRIVEN GAUSSIAN SELECTION

It’s difficult to design a principle to determine the needs of resolution and pixel values of textures
for each 2D Gaussian. First, some 2D Gaussians gain little from textures because their projected
footprint covers few pixels in the training views or their opacity is very small. Second, occlusion
by foreground splats limits the utility of textures even when a Gaussian’s opacity is large. Finally,
in regions with homogeneous appearance (e.g., uniformly colored walls), textures provide minimal
benefit regardless of Gaussian size or opacity. Therefore, we introduce the gradient-driven Gaussian
selection which is similar to the densification control from the 3DGS.

Given a rendered view of the 2DGS and its corresponding training view, let £; be the L; and
SSIM loss between the views at j-th pixel and p; = (fi 2, fi,y, ;Lm)—r be the position of the ¢-th
Gaussian. The positional gradient from the j-th pixel coordinate x; with respect to the i-th Gaussian

, , , T »
is calculated as V,, £ = < OL; ~OL; OL; ) . We then derive the 254

o . .
Bhia’ Onig’ Ofiis o, With the pixel value and
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the alpha value of the ¢th Gaussian as

oL;
alu/i,x

3

- 35] aCk(X]’) ) Baz(xj)

N — ock(x;) ' Oa;(x;)  Opia

(6)

We distinguish pixel colors and Gaussian colors by using superscripts and subscripts, respectively:
c(x;) denotes the k-th channel of the pixel color at pixel x;, where as ¢; denotes the color of
the ¢th Gaussian. The first term corresponds to our idea of using pixel differences to guide texture
upscaling, which eliminates the possibility of introducing additional parameters on already well-
reconstructed regions of the scene. The last two terms involved in the positional gradient calculation
contain the information of occlusion from other Gaussians, the opacity, and the pixel contribution
count. They can be computed as

dck(x;) :ﬁ(l — an(x))e(x;) + ZNj . (X/_)a’UJp(Xj) 7

dai(x;) - ! UG T 0ailxg)”

Owp(x;) -1
where 52255 — —q (x;) H%% (1 — o(x;)). and
dai(x;) 0Gi(u(x;))

=0;- T i) 8
8/11_1:6 a/}vzz i (u(X])) ( )
Similarly, we can derive the equations for ;}f? and aafj . For i-th the Gaussian, we then ac-

cumulate the absolute value of its positional gradient over the covered pixels as V,, L follow-
ing AbsGS(Ye et al] [2024). If the magnitude of the accumulated gradient exceeds a threshold
(.e., ||V L|2 > ka), it indicates the presence of high-frequency content on the Gaussian. We then
select the Gaussian as the candidate for adaptive texture upscaling.

4.3 ADAPTIVE TEXTURE UPSCALING

After selecting candidate 2D Gaussians, we adaptively increase their texture resolution based on
anisotropy. Specifically, we compute the ratio of the two semi-axes, s, and s,, of each 2D Gaussian
and use it to guide to determine the anisotropy. The texture resolutions 7 and 7 are then updated
according to the following rules:

e Ifs, /sy > ka and s, < kg, then we double 7.
o Ifs,/s; > ka and s, < kg, then we double 7.
e Otherwise, we double the resolution of both 7% and 7.

Here, ka and kg are predefined thresholds. This adaptive strategy allocates resolution more effec-
tively: textures are refined preferentially along the dimension most sensitive to gradient variations,
while still allowing isotropic refinement when Gaussians are approximately square or both axes
require higher detail.

When upscaling, the new texture color TRSB and texture alpha T are initialized from the nearest
pixel of the previous texture. Both TRGE and T4, together with the Gaussian parameters, are then
optimized in subsequent iterations. The adaptive texture upscaling is applied every 500 iterations,
allowing gradients to accumulate before resolution adjustments.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

Datasets and metrics. We conducted experiments on the Mip-NeRF 360 dataset
[2022)(7 scenes), the Tanks and Temples dataset (Knapitsch et al., 2017)(2 scenes), and the Deep
Blending dataset (Hedman et al., [2018a)(2 scenes). The evaluation metrics include PSNR, SSIM,
LPIPS, the number of Gaussians, and the memory size of trainable parameters for each algorithm.
The testing set was constructed by selecting every eighth image, while the remaining images were
used for training.
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Mip-NeRF 360 Tanks and Temples DeepBlending
Method PSNR 1 SSIM 1 LPIPS | #GS Mem PSNR T SSIM 1 LPIPS | #GS Mem PSNR T SSIM 1 LPIPS | #GS Mem
2DGS* 2672 0.787 0308 259k 60MB 2232 0.791 0275 216k 50MB 28.89 0.889 0.302 259k 60MB
2DGS*-MCMC 2747 0.806 | 0.228 259k 60mb 22.55 | 0.803 0.198 216k 50MB 29.14 0.893 = 0218 259 60MB
Super Gaussians 2529 0791 0300 202k 60MB 2146 0.783 0273 169k 50MB 29.01 | 0.895 0292 203k 60MB
BBSplat 23.07 0.614 0462 14k 60MB 1621 0.522 0579 12k 50MB 26.19 0.839 0385 14k 60MB
Textured Gaussians* 27.02  0.789  0.261 123k 60MB 22.61 0.784 0239 102k 50MB 29.13 0.891 0232 123k 60MB
A2TG (Ours) 27.64 0809 0.230 207k 57MB | 22.68 0.798 0.210 170k 50MB 2934 0.893 0.221 200k 55MB

Table 1: Quantitative comparison under a fixed memory budget. We report PSNR 1, SSIM 1,
LPIPS |, number of Gaussians (#GS), and memory (Mem, MB). The top three results are highlighted

in red, orange , and yellow , and the least memory sizes are in bold.

Mip-NeRF 360 Tanks & Temples DeepBlending
Method PSNR 1 SSIM 1 LPIPS | Mem(MB,+%) PSNR 1 SSIM 1 LPIPS | Mem(MB,+%) PSNR 1t SSIM 1 LPIPS | Mem(MB,+%)
#GS = 500k
2DGS* 2777 0811 0270 116 (0%) 23.08 0.824 0220 116 (0%) 2945 0.894 0.279 116 (0%)
2DGS*-MCMC 2791 0.822  0.197 116 (0%) 2285 0815 0.167 116 (0%) 29.37  0.892  0.204 116 (0%)

Super Gaussians 28.01 | 0.831 0245 148 (28%) 2331 [ 0.835 0.206 148 (28%) 29.49 10903  0.266 148 (28%)
Textured Gaussians® | 28.32  0.831  0.186 244 (110%) | 23.53 0.822 | 0.164 244 (110%) | 29.76  0.897 = 0.193 244 (110%)

A’TG (Ours) 28.19 0.829 0.188 142 (22%) 23.16  0.817  0.165 144 (24%) 2945  0.892  0.201 135 (16%)
#GS=100k

2DGS* - - - - 19.17  0.734  0.324 23 (0%) 2832 0879 0.324 23 (0%)
2DGS*-MCMC 2635 0.765  0.296 23 (0%) 2196 0.772  0.246 23 (0%) 28.60 0.880 0.255 23 (0%)
Super Gaussians 23.12  0.737  0.366 30 (28%) 20.11  0.737  0.327 30 (28%) 26.61 0.875 0.331 30 (28%)
BBSplat 2773 0:828 0216 432 (1764%) [[2340 0842 0.164 " 432(1764%) 28.78 [0:.894" 0.268 432 (1764%)
Textured Gaussians*  26.67 0.777  0.278 49 (110%) 2250 0.779 0.242 49 (110%) 29.16 0.886 = 0.241 49 (110%)
A’TG (Ours) 26.61 0.773  0.285 29 (26%) 2221 0775 0.243 29 (26%) 2894 0.883 0.248 28 (22%)

Table 2: Quantitative comparison under a fixed number of Gaussians. We report PSNR 1, SSIM
1, LPIPS |, #GS, and memory (MB). The parameters increase for texture parameters relative to the
size of 2DGS is added as percentage after memory (MB). The top three results are highlighted in

red , orange , and yellow , and the least parameter increases are in bold.

Baselines. We compare A>TG against 2DGS (Huang et al., [2024), and textured Gaussian methods

including Textured Gaussians (Chao et al.} 2025), BBSplat (Svitov et al} 2024), and SuperGaus-
sians (Xu et al.,|2024a)).

To ensure a fair comparison, we disable the depth-distortion and normal-consistency losses in 2DGS,
as these terms primarily improve mesh quality at the cost of slightly reduced image fidelity. Further-
more, since both Textured Gaussians and A2TG are built on 2DGS with an MCMC-based density
control, we report results for two 2DGS variants: the original 2DGS with the adaptive density con-
trol of [Kerbl et al.|(2023) and 2DGS equipped with the same MCMC strategy(Kheradmand et al.|
2024)

We use an unofficial implementation of Textured Gaussians that employs 2DGS for rasterization
instead of 3DGS.

We denote the modified baselines as 2DGS*, 2DGS*-MCMC, and Textured Gaussians*, respec-
tively.

Implementation details. Textured Gaussians* also adopt a two-stage training process, beginning
with an MCMC pretraining. For fairness, all experiments with Textured Gaussians* and our A>’TG
model share the same first-stage results when trained with the same number of Gaussians. In the
second stage, Textured Gaussians use a fixed texture resolution of 4 x 4, while our A2TG method
applies adaptive texture upscaling at iterations 500 and 1000. As a result, final textures in Textured
Gaussians remain 4 x 4, whereas those in A>TG vary within {1,2,4} x {1,2,4}, including both
square and anisotropic shapes. The parameters of A>TG are set as ky = 4.0, ks = 0.01, kg =
0.00002.

5.2 COMPARISONS

We employ two different comparison settings for comprehensive evaluation on the performance of
our method, one with fixed memory budget, and the other with fixed number of Gaussians. Metrics
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Figure 2: Comparison of A>’TG and Textured Gaussians* on Mip-NeRF 360 datasets. Left:
PSNR versus memory size (MB). Right: memory size (MB) versus point count. A>TG achieves
higher reconstruction quality under the same memory budget and requires less memory for the same
number of Gaussians.

including PSNR, SSIM, LPIPS on all the datasets are reported separately. Note that BBSplat is
designed for a lower number of Gaussians because of their extra parameters; thus, they were not
evaluated under the setting of 500k Gaussians.

Comparison under a fixed memory budget. We report the visual quality metrics, number of
Gaussians, and memory consumption of trainable parameters of all the baselines and our A’TG
method in Table [I] Our method has achieved the best performance across various textured-based
2DGS works under the same memory constraint demonstrating the efficiency of our method. Since
our adaptive texture control is based on gradients threshold selection, we can’t achieve the exact
same memory consumption as other methods, but our A’TG method still achieve higher overall
visual quality with less memory expecially for PSNR. Other texture-based methods suffer from
excessive texture parameters, thus result in worse visual quality under a fixed memory constraint.

For visual comparison, we present the testing-view results of A>’TG alongside 2DGS* and Textured
Gaussians* in Figure ]} Owing to the flexibility of textured representations, both Textured Gaus-
sians* and A2TG achieve notably higher visual quality than 2DGS*, despite the latter using a larger
number of Gaussians. Moreover, under equal memory budgets, A>TG produces higher-fidelity ren-
derings than Textured Gaussians*, primarily because it can represent the scene with a larger set of
Gaussians.

Comparison under a fixed number of Gaussians. We report the visual quality metrics and the
memory consumption in Table[2] The percentage increase in memory is measured relative to 2DGS*
with the number of Gaussians fixed to 500k and 100k. All methods outperform 2DGS due to the
textures. BBSplat and Textured Gaussians* typically have slightly better visual quality than our
method but require substantially more memory because of the inefficient ways to use the texture
parameters. In particular, Textured Gaussians* takes up to more then 4 times memory than A’TG
with around 0.4 increase in terms of PSNR. We also report the full experiments in Appendix [A]

To better illustrate the efficiency of our method, we compare our A2TG and Textured Gaussians
for different number of Gaussians, and plot the relation between memory and PSNR, as well as the
relation between point count and memory as shown in Figure 2] Overall, our method not only has a
better reconstruction quality under same memory constraint, but also with less memory usage under
the same number of Gaussians.

Distribution of upscaled textures. To illustrate A>’TG’s efficiency on a complex scene, we color-
code Gaussians: blue for 2 x 2 or 4 x 4 textures, red for non-square textures, and the original
color for 1 x 1 (no upscaling). Figure [] (right) shows the Garden scene from the Mip-NeRF 360
dataset, while Figure [ (left) plots the percentage distribution of all the texture resolutions. Notably,
62.4% of Gaussians retain 1 x 1 textures under our gradient-driven gaussian selection, indicating
that texture resolution is allocated sparingly where additional detail is unnecessary. Red highlights
concentrate along sharp edges (e.g., gaps between table planks), showing that A’TG detects thin
anisotropic Gaussians and assigns non-square textures accordingly.
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(a) GT (b) 2DGS* (¢) Textured Gaussians™* (d) A’TG
Figure 3: Qualitative comparisons. We show the qualitative comparisons of 2DGS* and Textured
Gaussians* with A>’TG under fixed memory constraint from MipNeRF360 datasets. With textures,
both Textured Gaussians* and A’TG reconstruct fine scene details, whereas A2TG uses less memory.
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Figure 4: The percentage and distribution. This figure shows the percentage and distribution
of texture resolution produced by the adaptive texture upscaling on the scene Garden from Mip-
Nerf360 dataset. Gaussians highlighted in blue have square texture of 2 x 2 and 4 x 4, and those
highlighted in red have non-square texture resolution.

Texture Decomposition. To better understand the role of adaptive textures in A>’TG, we perform a
qualitative ablation by selectively disabling components of the appearance model. Figure [5] shows
three versions of each scene: (1) the full A>TG rendering, (2) a version without textures, and (3) a
version without base color. For the “no textures” variant, we set all RGB textures 728 to zero and
all alpha textures TiA to one, removing texture-driven modulation. For the “no base color” variant,
we set the spherical harmonics color cgy, to zero, leaving appearance determined solely by the
learned textures.

As shown in Figure B] removing textures leads to a clear loss of high-frequency detail—e.g., leaf
boundaries, grass structure, and fine variations in carpets and fabrics—indicating that adaptive tex-
tures capture view-consistent residual appearance beyond what low-order spherical harmonics can
express. Since every Gaussian contains at least 1 x 1 texture, removing textures effect all regions.

Conversely, removing the SH base color produces overly dark renderings with missing global shad-
ing. Although textures recover much of the fine detail, the absence of SH color removes low-



Under review as a conference paper at ICLR 2026

Figure 5: Qualitative visualization of what the adaptive textures learn. Left: full rendering from
A?TG. Middle: rendering without textures (RGB textures set to zero, alpha textures set to one).
Right: rendering without SH base color. The comparison, visualized on two scenes shows that
textures capture high-frequency residual appearance such as foliage structure and fabric detail, while
SH color provides smooth, low-frequency shading. Together, they produce the final photorealistic
result.

Method PSNR SSIM LPIPS Mem Method PSNR SSIM LPIPS Mem

#GS = 500k #GS = 50k

w/o Upscaling 26.71 0.843 0.189 116.00 w/o Upscaling 24.85 0.776 0.319 11.60
w/o Anisotropy 26.93 0.846 0.185 147.88 w/o Anisotropy 25.10 0.782 0.311 15.06
Ours 26.93 0.846 0.185 140.01 Ours 25.12 0.782 0.311 14.07

#GS = 100k #GS = 10k

w/o Upscaling 25.64 0.806 0.266 23.20 w/o Upscaling 22.40 0.688 0.482 2.31
w/o Anisotropy [25.92 0.811 0.259 30.23 w/o Anisotropy 22.66 0.696 0.469 2.85
Ours 2592 0.810 0.259 28.43 Ours 22.65 0.696 0.469 2.65

Table 3: Ablation study with varying numbers of Gaussians. We report PSNR (1), SSIM (1),
LPIPS ({), and memory usage in MB (|), averaged across Mip-NeRF 360, Tanks&Temples, and

DeepBlending. The top three results in each column are highlighted in 'red, orange , and yellow .

frequency illumination and structural coherence, showing that the SH term provides a smooth,
lighting-aware foundation.

Overall, these ablations highlight the complementary roles of SH color and adaptive textures: SH
models coarse shading and global appearance, while textures encode local, high-frequency details.
This further supports our choice of allocating texture resolution adaptively so that texture capacity
is focused where fine detail is needed.

5.3 ABLATION STUDIES

We examine the impact of resolution scaling and anisotropy on our adaptive texture upscaling. Ab-
lations are run on three datasets with the number of Gaussians fixed at 10k, 50k, 100k, and 500k,
comparing A’TG to two variants: (i) without texture upscaling (w/o Upscaling) and (ii) without
anisotropic texture upscaling (w/o Anisotropy). Table 3] reports average memory usage and recon-
struction quality (PSNR, SSIM, LPIPS). Removing scaling yields the lowest memory but the worst
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quality. Disabling anisotropy produces quality close to the full method but uses more memory be-
cause square textures cannot match anisotropic Gaussian as efficiently.

6 CONCLUSION

Textured Gaussians enhance visual quality by augmenting each Gaussians with a RGB texture map
for spatial varying color and a alpha texture for spatial varying opacity, but these methods typically
introduce too much parameters and causes memory inefficiency. To address this, we propose adap-
tive anisotropic textured Gaussians (A’TG) that allow rectangle texture map whose aspect ratios
and resolutions are aligned to the geometry of the Gaussians. This reduces memory storage while
preserving fine details. We also introduce a gradient-based adaptive texture control strategy to effi-
ciently determine the texture shapes along with parameter update for joint optimization. Our method
has achieved best visual quality among state-of-the-art methods under the same memory constraint,
demonstrating efficiency of over method.

Limitation and future work. We demonstrate that A’TG produces efficient textured Gaussians
with better visual quality and memory efficiency. Currently, we only upscale texture resolution
of Gaussians. To further improve the efficiency of texture usage, we can scale down the texture
resolution when necessary. Moreover, compressing textures and controlling the shape and size of
Gaussians can also improve memory efficiency. For future works, combining adaptive textures with
flexible primitives beyond 2D/3D Gaussians such as Deformable Radial Kernal Splatting(Huang
et al.| [2025) might further enable better texture utilization since those primitives has flexible bound-
ary shapes and sharpness. In addition, we also plan to develop dynamic GS models, such as 4DGS,
using A’TG.
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A APPENDIX

A.1 ADDITIONAL EXPERIMENTS COMPARING OUR METHOD WITH BASELINES.

Table [] reports visual-quality metrics and memory for all methods at #GS = 500k, 100k, 50k, and
10k on Mip-NeRF 360, Tanks&Temples, and DeepBlending. Memory percentages are measured
relative to the corresponding 2DGS baseline within each #GS block. Methods that leverage textures
consistently outperform plain 2DGS variants. Textured Gaussians* and BBSplat often obtain the
best PSNR/SSIM/LPIPS, but at substantial cost: Textured Gaussians*® incurs about +110% mem-
ory across #GS and datasets, while BBSplat reaches ~+1760% at #GS=100k. In contrast, A>’TG
achieves comparable visual quality with markedly lower overhead—typically +16-24% at 500k,
+19-26% at 100k, +19-24% at 50k, and +14—19% at 10k—demonstrating that adaptive, anisotropic
textures can deliver near state-of-the-art fidelity with far more efficient parameter usage.

DeepBlending at 1M Gaussians. For completeness, we additionally evaluate all methods on the
DeepBlending dataset at a higher point budget of #GS = 1M. Since this setting is not used for the
other datasets, we report these results separately in Table 5] The ranking trends remain consistent
with the main table: Textured Gaussians* achieves the best PSNR and LPIPS, and A>’TG continues
to deliver competitive reconstruction quality while maintaining substantially lower memory usage
than other textured approaches.

A.2 ADDITIONAL DETAILS ON COMPUTATIONAL EFFICIENCY

3D Gaussian Splatting (Kerbl et al} [2023) is known for its real-time rendering capability. Our
method builds upon 2D Gaussian Splatting (Huang et all| [2024)) by augmenting each Gaussian with
a non-uniform, variable-sized texture. During rendering, after computing the UV coordinate of the
intersection between a pixel and a Gaussian along the camera ray, we fetch texture values using
bilinear interpolation.

To efficiently support non-uniform texture resolutions ranging from {1,2,4} x {1,2,4}, we pack
all per-Gaussian textures into a single large texture-atlas array located in GPU global memory. Each
Gaussian stores additional metadata specifying its texture dimensions and its offset within the atlas.
In our custom CUDA rasterization kernel, this structure results in up to 16 global-memory load

12
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Mip-NeRF 360 Tanks & Temples DeepBlending

Method PSNR 1 SSIM 1 LPIPS | Mem (MB, +%) PSNR 1 SSIM 1 LPIPS | Mem (MB, +%) PSNR 1 SSIM 1 LPIPS | Mem (MB, +%)
#GS = 500k (baseline: 2DGS = 116.00MB for all datasets)

2DGS 27.38  0.805 0.283 116.00 (0%) 2291 0819 0.234 116.00 (0%) 29.24  0.894  0.286 116.00 (0%)
2DGS* 27.77 0811  0.270 116.00 (0%) 23.08 0.824 0.220 116.00 (0%) 2945 0.894 0.279 116.00 (0%)
Super Gaussians 28.01 | 0.831 0.245 147.82(27%) 2331  0.835 0.206 147.69 27%) 29.49 | 0903 0266  147.83 (27%)
2DGS*-MCMC 2791 0822  0.197 116.00 (0%) 22.85 0815 0.167 116.00 (0%) 29.37  0.892  0.204 116.00 (0%)
A’TG (Ours) 28.19 0.829 0.188  141.79 22%) 23.16 0.817 0.165 143.64 (24%) 29.45 0.892  0.201 134.72 (16%)

Textured Gaussians* | 28.32  0.831  0.186 | 244.00 (110%) | 23.53  0.822 | 0.164 244.00(110%) | 29.76  0.897 | 0.193  244.00 (110%)
#GS = 100k (baseline: 2DGS ~ 23.2MB; 23.16MB for T&T)

2DGS - - - - 18.82  0.725  0.340 23.16 (0%) 27.80 0.875 0.336 23.20 (0%)
2DGS* - - - - 19.17 0734 0.324 23.16 (0%) 2832 0879 0.324 23.20 (0%)
Super Gaussians 23.12  0.737  0.366 29.57 (28%) 20.11  0.737  0.327 29.57 (28%) 26.61 0.875 0.331 29.58 (28%)
BBSplat 2773  0.828 0216 432.40(1764%) | 23.40 0.842 0.164 432.40(1767%) 28.78 | 0.894  0.268 432.40 (1764%)
2DGS*-MCMC 2635 0.765  0.296 23.20 (0%) 21.96 0772 0.246 23.20 (0%) 28.60 0.880  0.255 23.20 (0%)
ATG (Ours) 26.61 0.773  0.285 28.54 (23%) 2221 0775 0.243 29.21 (26%) 28.94 0.883 0.248 27.58 (19%)

Textured Gaussians*™  26.67  0.777 0278  48.80(110%) 22.50 0.779 0.242  48.80(110%) | 29.16 0.886 = 0.241  48.80 (110%)
#GS = 50k (baseline: 2DGS = 11.60MB for all datasets)

2DGS*-MCMC 2534 0725 0.361 11.60 (0%) 2125 0.737 0302 11.60 (0%) 2797 0.867 0.294 11.60 (0%)
A’TG (Ours) 25.63 0.733  0.350 14.09 (21%)  21.44  0.743  0.298 14.43 (24%) 2830 0.871  0.285 13.80 (19%)
Textured Gaussians* | 25.71  0.739  0.339 | 24.40(110%) | 21.77 0.747 0292  24.40(110%) | 28.40 0873 0.278  24.40 (110%)

#GS = 10k (baseline: 2DGS = 2.32MB for all datasets)

2DGS*-MCMC 2277 0.616 0.538 2.32 (0%) 19.40  0.631  0.470 2.32 (0%) 25.02 0817 0438 2.32 (0%)
A’TG (Ours) 23.02  0.625 0.524 2.66 (15%) 19.67 0.640  0.460 2.77 (19%) 2526 0.823 0424 2.65 (14%)
Textured Gaussians* | 23.19  0.631  0.507 4.88 (110%) 19.96  0.646 0446  4.88(110%) | 2558 0.826 0411 4.88 (110%)

Table 4: Appendix: Full multi-dataset evaluation. Memory percentages are relative to 2DGS at the
same #GS.

Method PSNR1+ SSIM1T LPIPS| Mem (MB)
2DGS* 29.58 0.898 0.190 232
Super Gaussians 29.38 0.905 0.253 295
Textured Gaussians* 29.66 0.896 0.183 488
A2TG (Ours) 29.55 0.894 0.190 266

Table 5: DeepBlending evaluation at #GS = 1M.

operations per texture lookup, since bilinear interpolation may require up to four texel samples for
each of the RGBA channels.

Although these texture fetches introduce additional overhead during both training and inference, the
system still maintains real-time rendering speeds above 30 FPS. While we did not explicitly optimize
the rasterizer for maximum throughput, further improvements are likely possible through vectorized
texture loads or tile-level shared-memory prefetching.

Tablel6[reports the inference FPS, per-frame inference time, and total training time for 2DGS (Huan%
et al.l, 2024]), Textured Gaussians* , and AZTG on the DeepBlending dataset (Hed-
man et al.|[2018a). Both A>TG and Textured Gaussians* incur additional computation compared to
2DGS due to texture sampling, which explains the decrease in inference FPS. Importantly, A’ TG is
consistently faster than Textured Gaussians® during both inference and training. The key reason is
that A>’TG allocates texture parameters adaptively rather than assigning a fixed-size texture to ev-
ery Gaussian. This reduces the total number of texel reads and gradient updates, resulting in lower
memory traffic and fewer texture operations. Consequently, A’TG achieves higher inference FPS
and shorter training time than Textured Gaussians* under the same number of Gaussians.

A.3 ADDITIONAL EXPERIMENTS ON TEXTURE MAP RESOLUTION

To further analyze the effect of texture map resolution, we conducted additional comparisons among
Textured Gaussians* and our proposed A?TG. For Textured Gaussians*, we evalu-
ate two texture resolutions: 2x 2 and 4x 4, and for A2TG, evaluate two maximum texture resolutions:
Max 2x2 and Max 4 x4.
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Method 2DGS A?TG Textured Gaussians™
Number of Gaussians 500k 500k 500k

Model size (MB) 116 140 244
Inference FPS 250 140 119
Inference time per frame (s) 0.004  0.007 0.008
Training time (min) 7.18 19.7 21.6

Table 6: Computational Efficiency: Comparison of the inference speed under the same number
of Gaussians on the DeepBlending dataset. The render speed of A>’TG and Textured Gaussians is
slower than 2DGS because of the extra texture sampling during rendering, while A’TG has a slightly
faster render speed than Textured Gaussians due to fewer texture parameters.

Table [7]reports the results on the Mip-NeRF360 dataset with the number of Gaussians fixed at 50k.
As shown, A2TG achieves lower memory usage than Textured Gaussians* and delivers similar visual
quality across PSNR, SSIM, and LPIPS. under both 2x2 and 4 x4texture resolution. These results
demonstrate the effectiveness of adaptive texture allocation, which balances texture resolution with
memory efficiency more effectively than fixed-resolution textures.

Method PSNRT SSIMT LPIPS| Mem (MB) #GS
Textured Gaussians™ (2x2)  25.59 0.734 0.347 14.80 50k
Textured Gaussians™ (4x4) 25.77 0.741 0.338 24.40 50k
A’TG (Max 2x2) 25.62 0.735 0.348 12.83 50k
A’TG (Max 4x4) 25.63 0.733 0.350 14.09 50k

Table 7: Comparison of different texture resolutions (Wx H) on the Mip-NeRF360 dataset with
50k Gaussians. A?TG achieves superior memory efficiency and improved or comparable rendering
quality relative to Textured Gaussians™.

A.4 DECLARATION OF LLM USAGE
We used large language models (LLMs) solely for polishing the text in this paper. Specifically,
LLMs assisted in refining grammar, improving readability, and adjusting tone for academic writing.

All research ideas, methodology, analyses, results, and terminology definitions presented in this
work are original contributions from the authors and were not generated by LLMs.
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