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Fig. 1: We present a multi-layer Gaussian texture for real-time synthesis and rendering
of mesoscale appearances modeled from multi-view images. In this scene, we synthesize
and render six mesoscale appearances from both captured and synthesized images
on new objects taking about 20 microseconds. Our method demonstrates a faithful
representation of mesoscale appearances with preserved details and structures, which
can be applied to arbitrary objects in real time.

Abstract. We propose a novel framework for modeling, synthesis, and
rendering of mesoscale appearances based on 3D Gaussian Splatting
(3DGS) for better quality and performance. The key problem is that
synthesis of 3D Gaussians is difficult due to their explicit nature. There-
fore, the core of our method is a multi-layer Gaussian texture represen-
tation to support high-quality and efficient synthesis of 3D Gaussians.
Each layer of the texture contains Gaussians with similar heights to
the object surface, which is compatible with 2D image texture synthe-
sis approaches. Through by-example autocovariance-preserving synthe-
sis, we achieve the run-time synthesis of mesoscale appearances with
their structures preserved. Due to the deformation of mapping from tex-
ture to arbitrary objects and the baking of lighting, directly applying
the Gaussian texture for rendering may cause visual artifacts. Thus, we

† Corresponding authors.

https://orcid.org/0009-0004-1029-9197
https://orcid.org/0009-0005-8859-5946
https://orcid.org/0000-0002-2248-3328
https://orcid.org/0000-0001-8943-8364


2 Chen et al.

further introduce two components: a deformation-aware mapping and
a material-lighting decomposition. The mapping is based on barycentric
UV coordinates with a scaling constraint of Gaussians to reduce artifacts.
The decomposed materials are represented by latent features to main-
tain the consistency of the material attributes during synthesis. Con-
sequently, our approach achieves a faithful representation of mesoscale
appearances modeled from multi-view images, which supports synthesis
and rendering on arbitrary objects in real time, achieving about 500×
acceleration compared to the latest NeRF-Texture. Our code is available
at: https://github.com/ChenXiang0810/multilayer-gaussian-texture.

1 Introduction

Complex mesoscale appearances are very common and important in applica-
tions of real-time rendering, such as games and XR. Unfortunately, modeling
the appearance by artists is time-consuming and labor-intensive. In addition,
real-time synthesis and rendering of mesoscale appearances on arbitrary meshes
are also challenging, due to their complex structures which are difficult to repre-
sent. Therefore, an efficient solution to model, synthesize and render the complex
mesoscale appearance is significant.

Some existing methods model mesoscale structures through traditional rep-
resentations such as maps [4, 33], curves [27] or volumes [43]. However, these
methods construct mesoscale structures at the cost of heavy modeling or captur-
ing. Moreover, most of them are designed for some particular types of structure
and do not support synthesis for applying on arbitrary objects. Recently, thanks
to the development of Neural Radiance Field (NeRF) [29], complex structures
can be easily reconstructed from multi-view images. Taking NeRF as a tex-
ture primitive, NeRF-Tex [2] and NeRF-Texture [14] achieve a general implicit
representation of mesoscale appearances, which can be applied to new objects
once modeled. To render mesoscale structures on arbitrary meshes, NeRF-Tex
repeats their primitives on the target mesh, while NeRF-Texture synthesizes a
non-repetitive larger texture. Although the NeRF-based methods can support
modeling, synthesis and rendering of the mesoscale appearances generally, they
still suffer from blurry visual quality and slow speed.

In this paper, we propose a novel framework to model, synthesize and render
mesoscale appearances based on 3D Gaussian Splatting (3DGS) [20]. 3DGS is
well-known for its high quality and rapid speed, which can support real-time
rendering with fine details, but using it on our task is not straightforward due
to its explicit nature. The main problem is how to perform synthesis on ex-
plicit 3D Gaussians, which is more complex than blending in a latent space as
NeRF. To overcome this, we introduce a multi-layer texture with an implicit
material representation. Gaussians are organized as a texture, which is compat-
ible with 2D image texture synthesis methods. To align 2D textures with 3D
volumes of mesoscale structures, we construct the Gaussian texture with mul-
tiple layers for Gaussians with different heights to object surfaces. To achieve
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run-time synthesis while preserving the mesoscale structure, we adopt a by-
example autocovariance-preserving synthesis method with position conversion
and opacity division. Each texel in the new texture is synthesized independently
by blending multiple patches, which are selected through importance sampling
based on the structure of the example texture.

Since rendering mesoscale structures on arbitrary objects under different
lighting is necessary, we introduce a mapping of Gaussian textures to arbitrary
objects and a decomposition of materials and light conditions for basic relighting.
To reduce artifacts caused by mapping deformation from textures to objects, we
map the 3D Gaussians based on their barycentric UV coordinates with a scaling
constraint. We represent the decomposed material attributes by latent features,
ensuring the consistency of material attributes during synthesis. To regularize the
material latent space for better synthesis, we adopt an encoder-decoder structure
while training. The encoder is dropped at last, and the decoder is tiny enough
for real-time rendering. Eventually, our method achieves real-time synthesis and
rendering of mesoscale appearances, with better quality and performance than
previous works. In summary, our main contributions include:

– We propose a 3DGS-based framework—multi-layer Gaussian texture to model,
synthesize and render the mesoscale appearance from multi-view images.

– We introduce a run-time synthesis method for the Gaussian texture which
can preserve structures of mesoscale appearances based on a by-example
autocovariance-preserving synthesis.

– We design a deformation-aware mapping approach to apply the Gaussian
texture to arbitrary objects, and an implicit material representation for basic
relighting that supports robust synthesis with an encoder for regularization.

2 Related work

Meso-structure representation There are many approaches to represent diverse
meso-structures, such as bumpy surface, fabric, fur and plant. Displacement
mapping [4] is a common method for creating a bumpy surface, which produces
parallax and silhouette effects on simple meshes with 2D displacement maps.
Furthermore, the shell map [33] and its variants [24] utilize multi-layer textures
to better represent the meso-structures. To represent fiber-based materials, such
as hair and fur, geometric curves are widely used to model individual fibers [39].
Apart from curves, materials such as cloth can also be stored in memory-heavy
volumetric representations [43], which are captured from high-resolution CT
scans. Moreover, based on various volumetric primitives, it is possible to model
meso-structures such as grass, leaves and fur [5,18,30]. More information can be
found in the volumetric meso-structure texturing survey by Koniaris et al. [21].

Except for the above classical approaches (displacement maps, curves and
voxels), some neural representations have also been proposed recently. Kuznetsov
et al. [22] model appearances and meso-structures as latent textures from bidi-
rectional texture functions (BTFs). However, this method is based on BTF, so it
is not suitable to represent structures that are difficult to capture as BTF, such
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as plants and fur. This is a similar problem preventing TextureDreamer [41] from
transferring mesoscale appearances. To represent arbitrary structures, NeRF [29]
is a good choice, which models a scene as a radiance field with particles emit-
ting and blocking lights. Inspired by NeRF, NeRF-Tex [2] first investigated the
possibility of modeling the texture for meso-structures. This neural texture is
trained on synthetic datasets, which is made up of patch rendering results on
a plane under known lighting conditions. The trained textures are applied to
shapes by placing them repeatedly on surfaces. Later, targeting NeRF texture
synthesis from real-world objects, NeRF-Texture [14] simultaneously learns the
meso-structures, materials and lighting conditions with textures. Although these
neural approaches can represent arbitrary meso-structures, they generally suf-
fer from fuzzy visuals and slow speed. Recent progress in 3DGS [20] provides
the possibility of better quality and performance for representation. Focusing
on interactive scene editing, Pandey et al. [31] represent real-world objects with
3DGS as brushes and then paint them on new surfaces. While their method
can transfer structures onto any surfaces with natural appearance, they require
manual painting by artists and do not support relighting.

3D Gaussian Splatting Since our method is based on the 3DGS, we briefly
review some related 3DGS-based works, which are mainly about deformation
and relighting. The deformation of 3DGS has been explored in various fields [1,
9–12,15,17,40]. Some of these methods (e.g., SuGaR [12], Gaussian Frosting [11],
Mesh Gaussian [9], Mani-GS [10]) extract explicit meshes from 3DGS and bind
Gaussians to the mesh. Thus, the deformation of the mesh can guide that of the
Gaussians. However, these approaches couple meshes with Gaussians, making the
application of trained Gaussians to new objects difficult. Some other methods
adopt the texture representation of 3DGS for deformation. For example, UV
Gaussians [17] learns pose-dependent refined mesh and its Gaussian textures for
the animation of human. GSM [1] builds shell maps of the Gaussians to achieve
expressive representation of human with hair, clothing and so on. These texture-
based methods are similar to our Gaussian texture, but they do not apply the
obtained texture to a new object and do not support texture synthesis.

To support relighting with 3DGS, some methods incorporate BRDF into the
attributes of Gaussians [8, 16, 25, 36, 37]. Similarly to these works, we represent
color based on decomposed BRDF and lighting, and the BRDF attributes are
decoded from latent features in a regularized latent space for better synthesis.

Texture synthesis It is a common demand in rendering applications to bind
textures to a large surface. Unfortunately, a usual limited-scale texture cannot
be applied directly since the texture may not be large enough even though it is
4K. A naive way is to utilize tiling to get a larger texture, but this always leads to
undesirable repetitive patterns. Thus, to handle this problem, texture synthesis
methods are necessary, which can be mainly divided into two categories.

One common way to perform texture synthesis is based on quilting and opti-
mization [3,6,7,19,23,38]. These methods gradually grow the synthesized region
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by finding the best-matched candidate patches or texels from the original tex-
ture. This matching process is conducted through neighborhood searching or
iterative optimization. Since the whole texture should be synthesized region by
region before usage, these methods have difficulties in supporting run-time syn-
thesis, so that they are always taken as an offline process. Thus, in this paper,
targeting fast speed and on-the-fly synthesis, we do not choose these methods.

In the other aspect, by-example texture synthesis methods [13,28,42], which
generate a new texture based on an example texture, are able to support synthe-
sis on the fly. Unlike quilting-based synthesis, there is no need to pre-generate
the whole texture, as any region of the synthesized texture is not related to other
regions. The by-example texture synthesis mainly involves two steps: first select
some patches from the example texture, and then blend them with weights to-
gether. Although these methods can support run-time synthesis, their quality
may not be as high as that of the quilting-based methods.

Notably, despite the advantages and disadvantages of quilting-based and by-
example synthesis, our Gaussian texture is actually orthogonal to these meth-
ods. Instead of improving current texture synthesis methods, our target is to
introduce the synthesis of our Gaussian texture for better practicality. Thus, we
mainly focus on by-example texture synthesis methods for run-time synthesis.

3 Method

The goal of our work is capturing mesoscale appearances from multi-view images
based on 3DGS with real-time synthesis and rendering on arbitrary objects. To
this end, the core of our framework is the multi-layer Gaussian texture repre-
sentation (Sec. 3.2), where 3D Gaussians are organized as a multi-layer texture.
Based on the representation, we further define the operations of our Gaussian
texture, including structure-preserving synthesis (Sec. 3.3), deformation-aware
mapping (Sec. 3.4), and real-time rendering with decomposed lighting and la-
tent material (Sec. 3.5). Lastly, we present the pipeline (Sec. 3.6) to train our
Gaussian texture. Fig. 2 illustrates the overview of our method.

3.1 Preliminary

Our work is mainly based on 3DGS [20] and texture synthesis methods. Since
3DGS is well-known these days, we put its background in the supplement and
focus only on texture synthesis methods here.

By-example texture synthesis Among the numerous texture synthesis methods,
the by-example texture synthesis is most suitable for our target, which supports
dynamic and run-time synthesis. Unlike quilting-based methods, a new area to
be synthesized by the by-example method does not depend on the previously
synthesized areas, which means that the synthesis can be parallelized for higher
speed. Given a target query position x∗, by-example texture synthesis selects
I example patches P from an example texture T according to the position,
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Fig. 2: We present a multi-layer texture of 3D Gaussians which supports synthesis,
mapping, and rendering. Each texel of the texture stores parameters of a Gaussian.
Through structure-preserving synthesis, Gaussian textures of arbitrary resolutions can
be obtained. By a deformation-aware mapping method, the Gaussian texture can be ap-
plied to arbitrary objects. The rendering is based on a latent representation of material
parameters for consistent synthesis and basic relighting. With the three defined oper-
ations, mesoscale appearances can be synthesized and rendered on arbitrary objects,
and the Gaussian texture is trained on the mesh extracted from multi-view images.

and then blends them with weights w. The basic process can be formulated
as T ∗(x∗) = Syn(T, x∗, w), where T ∗ is the synthesized texture, and Syn()
denotes a specific synthesis method. In this process, the blending weights follow∑

wi = 1, where wi is the weight for the ith patch.
During synthesis, some properties can be preserved by modifying the blending

weights or patch selection method. Taking a patch P∗ to synthesize, linear blend-
ing P∗ =

∑I
i=1 wiPi keeps the mean unchanged E[P∗] = E[P], but the variance

becomes V[P∗] = W 2V[P], where W =
√∑I

i=1 w
2
i . To preserve variance, yu et

al. [42] propose the blending P∗ =
∑I

i=1 wiPi−E[P]

W +E[P]. The above methods se-
lect patches randomly, which may destroy the structure of the example texture.
Thus, lutz et al. [26] propose an importance patch selection method for structure-
preserving synthesis, according to autocovariance for each texture translation τ .
The autocovariance is calculated as

∫
(T (x)−E[T ])⊙ (T (x+τ)−E[T ])dx, where

x is a position within the example texture.

3.2 Multi-layer Gaussian texture representation

The 3D Gaussians obtained by the original 3DGS method are aligned with the
objects, so they cannot be applied to a new object without unwarping them
into a texture. To build a texture of 3D Gaussians with a base mesh, a naive
way is to project the Gaussians onto a plane and store them in a texture which
supports querying by the UV. However, due to the limited size of a texture,
many projected Gaussians may have close UVs and be stored in the same texel.
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Fig. 3: Left: for a single-layer texture, Gaussians to be synthesized in two texels may
have different heights, leading to artifacts or blur results after synthesis. In contrast,
multi-layer Gaussian texture can perform synthesis on Gaussians with close heights.
The transparent Gaussians are colored as grey. Right: directly blending Gaussian
positions µ from two selected example patches may not match the target query, but
blending offsets d to the centers p of each patch works well.

Moreover, since the Gaussians are not likely to be uniformly distributed after
projection onto the mesh, the obtained texture may have different numbers of
Gaussians in different texels. To avoid generating these irregular textures that
are not suitable for synthesis, we construct a multi-layer texture including only
one Gaussian in each texel for a regular representation, which can be mapped
to arbitrary objects for training and rendering.

For a single-layer texture, Gaussians within different texels can vary greatly in
their heights to the surface, as shown in Fig. 3. Directly blending these Gaussians
destroys the original mesoscale structure and causes artifacts. Therefore, we
design a multi-layer Gaussian texture, storing only one Gaussian in each texel,
and restrict each Gaussian to be close to the texel center. This ensures that
Gaussians in the same layer share similar heights. By performing synthesis for
each layer of the texture, we avoid synthesis among too different heights to the
surface, which preserves the original mesoscale structures.

Thus, we define a multi-layer Gaussian texture as TN×H×W×D, which means
that the texture has N layers and the size of each layer is H ×W . Each texture
texel stores D parameters of a 3D Gaussian. The stored parameters are similar
to those in 3DGS, including 3D mean position µ, 1D opacity o, 3D scaling s, 4D
rotation q and user-defined features to represent colors (48D SH in 3DGS). We
decompose the color of 3DGS into materials and lighting SHs to support basic
relighting, where the decomposed material is represented by 8D latent features
for a meaningful synthesis. Moreover, we temporarily store shading normals only
for training. To ensure that one texel corresponds to one Gaussian, the mean
position should be in the vicinity of the corresponding texel, which is defined
as a cube. The cube center is UV coordinate of the texel center, and its size is
1
H × 1

W × L
N , where L is an estimated thickness of the meso-structure.

Based on our multi-layer Gaussian texture, we then introduce operations
of our Gaussian texture. To apply our Gaussian texture to arbitrary objects,
synthesis of the Gaussian texture is essential to generate a large enough texture.
Given a Gaussian texture of desired size, we define a mapping from the texture
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to an object. Since objects may be placed in a scene with new lighting conditions,
we should support rendering of the Gaussian texture with basic relighting.

3.3 Structure-preserving synthesis

The run-time synthesis of 3D Gaussians is not straightforward due to their ex-
plicit natures, and it becomes harder when we want to preserve mesoscale struc-
tures. Based on our core multi-layer Gaussian texture representation, we need
a method to incorporate by-example texture synthesis discussed in preliminary.
The challenge lies in that directly applying the synthesis may cause a mismatch
in gaussian positions as shown in Fig. 3, and blending Gaussians with too differ-
ent opacity may destroy the structure (e.g., blending an opaque Gaussian with
a transparent Gaussian generates a translucent Gaussian).

To handle the position blending problem, we convert the mean position µ of
each Gaussian to an offset d to its corresponding texel center p: d = µ−p. Then,
we blend the offsets and add them by the target query positions, as shown in
offset blending of Fig. 3. To reduce opacity difference during synthesis, we modify
the blending weights wi of example patches based on an opacity threshold om:

w′
i =


wi(oi >= om)

sumw
, sumw >= 0.5

wi(oi < om)

1− sumw
, sumw < 0.5

, (1)

where w′
i is the modified blending weight and sumw =

∑I
i=1 wi(oi >= om).

By splitting Gaussians into two batches based on the opacity threshold om,
Gaussians with close opacity are in the same batch, and we only perform blending
within the batch occupying a larger proportion of original weights. For example,
if sumw >= 0.5, we blend Gaussians with opacity greater than om by modifying
other weights to zero, and the remaining weights are normalized to ensure that
they sum up to 1. In practice, we find that om = 0.1 is effective in most cases.
Moreover, to preserve the structure across layers, we perform syntheses on each
Gaussian texture layer with example patches of the same position and size.

Based on above methods, our Gaussian texture can fit by-example texture
synthesis well. In practice, we adopt variance-preserving method [42] to improve
quality, with autocovariance-preserving synthesis [26] to further preserve struc-
ture. More specifically, we select patches that better preserve the exemplar struc-
ture on the fly based on the autocovariance, which is computed from Gaussian
texture opacity and latent features, representing the texture structural correla-
tions and indicating which local patterns should be preserved during synthesis.

3.4 Deformation-aware mapping

Since we need to map our Gaussian texture to arbitrary meshes, this may cause
a large scale deformation. To avoid artifacts arising from the deformation, our
mapping is performed according to barycentric UV coordinates. Additionally, we
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apply a scale constraint on Gaussian scales based on the texel size. This can re-
duce the number of Gaussians with irrational shapes and thus avoid deformation
artifacts, which will be detailed in Sec. 3.6.

Given a mesh with a UV map, each triangle of the mesh corresponds to a
triangle in the UV space. For one triangle in the mesh, we have a face normal
nw, three vertices v1, v2, v3, and three corresponding UV coordinates t1, t2, t3.
Taking nt = (0, 0, 1), we define the rotation Rt and scaling St mapping from UV
triangle to mesh triangle as:

Rt =

[
v2 − v1
∥v2 − v1∥

,
v2 − v1
∥v2 − v1∥

× nw, nw

] [
t2 − t1

∥t2 − t1∥
,

t2 − t1
∥t2 − t1∥

× nt, nt

]⊤
,

St =
∥v2 − v1∥+ ∥v3 − v2∥+ ∥v1 − v3∥
∥t2 − t1∥+ ∥t3 − t2∥+ ∥t1 − t3∥

.

(2)

To find Gaussians belonging to a given UV area for mapping, we check
whether the projection of its mean position to the UV plane µxy is within the
area. For the Gaussians in this area, we compute their barycentric coordinates
b1, b2, b3 by µxy = b1t1 + b2t2 + b3t3, since µxy, t1, t2, t3 are known. Thus, we can
build the mapping of a Gaussian from its texture to a mesh as:

µ′ = b1v1 + b2v2 + b3v3 + Stµzn
w, R′ = RtR, s′ = Sts, (3)

where µz is the z component of µ, R is the rotation matrix computed by the
quaternion q, and µ′, R′, s′ are the mean position, rotation matrix and scaling
factor of the mapped Gaussian. Besides these parameters mentioned above, the
direction-related parameters such as normal and SH should be changed by ap-
plying the rotation matrix. Other properties remain the same after mapping.

3.5 Rendering with relighting

To support different lightings in different scenes, we decompose materials and
lighting conditions for basic relighting. We use SHs to represent illumination and
replace original color SHs of 3DGS with some material parameters. In this paper,
we adopt the Phong shading model [32] for rendering, but other shading mod-
els are also supported. Under this condition, we model the reflection through
four attributes: 3D diffuse color kd, 1D specular intensity ks, 1D glossiness g
and 3D shading normal n. These material parameters are decoded through an
MLP from latent features, which better suit the synthesis as they naturally pre-
serve correlations among material parameters. Following the approach proposed
by Ramamoorthi and Hanrahan [34], the view-dependent color c is computed
through SH convolution given a view direction. Taking this color into the com-
putation of pixel color in 3DGS, we can get the final rendering results. In this
way, we achieve rendering with basic relighting.

3.6 Multi-stage pipeline

We introduce the pipeline of our Gaussian texture, targeting 3D Gaussian train-
ing with a compact latent feature space to support synthesis. Our pipeline in-
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cludes mapping texture to the extracted mesh from multi-view images and ren-
dering it to calculate loss for back propagation. The mapping is the same as the
method in Sec. 3.4, and the mesh extraction is detailed in the supplement.

For more robust training and a compact latent space, our training process has
three stages in total. The first stage mainly consists of training the non-material
parameters, of which colors are represented by SH to exclude the impact of
latent representation. Concurrently, we train shading normals supervised by the
pseudo normals computed from depth. The second and third stages introduce
training of light SHs and material latent features. In the second stage, we make
use of an encoder-decoder structure to regularize the latent space. The input is
color SHs and shading normals, and its output is material latent features. In the
third stage, we drop the encoder and only train latent features and decoder. A
detailed illustration of our pipeline can be found in the supplementary material.

We define different losses for the three training stages. Because the Gaussian
texture only stores one Gaussian in each texel, we define a position restriction
loss to ensure this relation:

Lµ = max{(µ− p)− 0.5× (
1

H
,
1

W
,
L

N
), 0}. (4)

Considering the deformation from mapping, a scaling constraint loss is necessary
to reduce artifacts by regularizing Gaussian shapes as in Sec. 3.4, which is defined
as:

Ls = max{s− 3

max{H,W,N}
, 0}. (5)

In addition to these texture losses, the loss function of the first stage includes
a color loss Lc, a depth distribution loss Ld, and a normal loss Ln′ . The color
loss is a L1 loss between the renderings and the ground truths (GTs), the depth
distribution loss drives Gaussian points to the object surface, and the normal
loss encourages consistency between the trained normals n′ and the normals
computed from depth. The definitions of depth distribution loss and normal loss
are the same as in Relightable 3D Gaussians [8], which are defined as:

Ld = Dsq −D2, Ln′ = ∥N ′ − Ñ∥2, (6)

where Dsq, D are square depth and original depth maps respectively, and N ′, Ñ
are trained normal and pseudo normal maps respectively. The complete loss of
the first stage is

L = Lc + Lµ + Ls + λdLd + λnLn′ , (7)

where λd and λn are weights set to 0.01 and 0.1, respectively. For the second
and third stages, the loss function is:

L = Lc + Lµ + Ls + λdLd + λnLn + λkd
Lkd

+ λks
Lks

, (8)

where Lc and Ld are inherited from the first stage. Ln is a loss similar to Ln′

between normals predicted by decoder and computed from depth. Lkd
,Lks

are
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also constraints from Relightable 3D Gaussian on diffuse color and specular
intensity to make them smooth, following the form:

Lk = ∥∇K∥e−∥∇KGT ∥, (9)

where K indicates the rendered kd or ks map. In practice, we set λd = 0.01, λn =
0.1, λkd

= λks
= 0.01.
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Fig. 4: The comparison of NeRF-Texture and our method on mesoscale appearance
synthesis and rendering. Both far and close views show that our method preserves
details and structures lost in NeRF-Texture, and achieves about 500× acceleration.

4 Results

In this section, we evaluate our method using some experiments on an NVIDIA
RTX 4090. We first compare our results on the synthesis and rendering of
mesoscale appearances with NeRF-Texture [14] (Sec. 4.1). Then we conduct
some ablation studies to prove the effectiveness of our design (Sec. 4.2). In the
end, we discuss the limitations of our work (Sec. 4.3).
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Input images Renderings of trained lighting Renderings of new lighting

Fig. 5: Our relighting results. Our method supports basic relighting thanks to the
decomposition of materials and lighting. The input images and used lighting are shown.

Table 1: Quantitative comparison of our method and NeRF-Texture. Our method
outperforms NeRF-Texture in terms of SIFID and memory for four examples in Fig. 4.

SIFID ↓ / Memory ↓ Grass Durian Wicker Flower

Ours 10.86
280 MB

4.82
140 MB

4.38
140 MB

5.26
420 MB

NeRF-Texture 15.94
1.1 GB

10.71
1.1 GB

6.89
1.1 GB

6.96
855.7 MB

4.1 Mesoscale appearance synthesis and rendering

In Fig. 4, we compare our method with NeRF-Texture on both synthetic and
real data, and our training settings are shown in the supplement. Our method
only takes about several microseconds, while NeRF-Texture takes up to seconds.
The first two rows show synthesis on a plane, which are synthetic images of grass
with flowers and real images of a durian. It can be found that our method pre-
serves the structure better during synthesis, such as the gap density inside the
grass and spikes of durian. Moreover, NeRF-Texture has trouble in represent-
ing the details of the scene, like the little yellow flowers among the grass. In
contrast, our approach can capture these flowers, achieving a higher similarity
to the original mesoscale appearance and better visual quality. For the last two
input multi-view images, we show some results on complex meshes. our method
synthesizes the gaps among the wickers, and produces more obvious flowers on
the new objects. Our method has slight differences in color with NeRF-Texture,
which may come from different lighting learned from the scene during training.
Following NeRF-Texture, we also provide a quantitative comparison based on
SIFID [35] in Table 1. We show more synthesis and rendering results in Fig. 6
and relighting results under a novel lighting in Fig. 5, presenting the capabil-
ity to preserve highly-detailed structures and support basic relighting. We also
provide more relighting and numerical results in the supplement.

4.2 Ablation study

We validate some key components of our method here. To reduce artifacts caused
by deformation from mapping, we have a scaling constraint on Gaussians. We
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Input images Rendering on a plane Rendering on new objects (two views)

Fig. 6: More synthesis and rendering results of our method. Our method can represent
the details of the mesoscale appearance and preserve the original structure.

Mapping w/ 
scaling constraint

Mapping w/o
scaling constraint

Input Blending w/o om
2.27

Our blending
1.43

Blending w/o multi-layer
1.69

Training w/o 
encoder

Training w/ 
encoder

Fig. 7: Ablation of the scaling constraint loss to reduce artifacts during mapping, and
encoder in training, multi-layer texture, opacity-aware blending for better synthesis.
With these components, our method produces higher-quality results. SIFID values are
also provided in the figure for quantitative comparison.
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Repeat

Repetitive
pattern

Random
1.81

Autocov
1.35

Ours
(autocov+var)

0.87 

Fig. 8: Comparison of different synthesis methods. By combining variance-preserving
and autovariance-preserving synthesis together, our method can obtain a result with
similar structure to the input but no repetitive patterns or artifacts. SIFID values are
also provided in the figure for quantitative comparison.

show its impact in the top left of Fig. 7. In comparison, the result from the
mapping without a scaling constraint loss produces many needle-like artifacts,
which are not found with the loss. This proves the necessity of scaling limitation.
During training, we additionally use an encoder to regularize the latent space
for better synthesis. The impact of the encoder is validated in the top right row
of Fig. 7, by comparing the rendering results of synthesized textures on a plane
after training with and without encoder. We found that the result from Gaussian
texture trained without encoder includes many crossing artifacts, which means
the encoder can improve the synthesis quality. In the bottom row of Fig. 7, we
validate the impact of multi-layer texture and opacity-aware blending, and the
results have been cropped for better clarity. Our multi-layer texture avoids blend-
ing Gaussians with different heights (fruits and table), which would otherwise
bake the fruit color into the synthesized table, and our opacity-aware blending
(by om) prevents colorful artifacts from synthesized semi-transparent Gaussians.
The SIFID values are provided in the figure for quantitative comparison.

We also show the influence of synthesis strategies in Fig. 8 with SIFID values.
Repeating without synthesis leads to repetitive patterns, while random synthesis
disrupts brick’s structure. By taking autocovariance-preserving synthesis, the
result shows a better structure. By incorporating variance-preserving synthesis,
we obtain results with more similar color to the non-synthesized result (repeat).

4.3 Discussion and limitations

Although our method can model mesoscale appearances from multi-view images
and synthesize and render it on arbitrary objects in real time, there are still
some limitations. One problem is handling objects with complex geometry. Our
method is to represent mesoscale appearance based on mesh extraction of multi-
view images, so an object with complex geometry but no apparent mesoscale
appearance is difficult and not our target, which may cause a failure as shown in
Fig. 9. To handle this problem, a method to extract a detailed mesh with simple
UV coordinates may be necessary.
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Fig. 9: A failure case of applying our method to an object with complex geometry but
no apparent mesoscale structure, which is actually not our target.

Another issue we face is the training time of our method. Because the Gaus-
sian parameters are constantly changing during training, we must recompute the
barycentric UV coordinates in each iteration. This results in additional training
time, which can range from 0.5 to 3 hours, depending on the texture resolution
and the complexity of the scene.

5 Conclusion and future work

In this paper, we present a 3DGS-based framework to model, synthesize and ren-
der the mesoscale appearance. The key is to build a multi-layer Gaussian texture
representation of 3DGS, which makes explicit 3D Gaussians compatible with 2D
image texture synthesis methods. Real-time synthesis with preserved structures
is achieved through a specialized by-example autocovariance-preserving synthe-
sis. We further introduce the deformation-aware mapping and material-lighting
decomposition to render Gaussian textures on arbitrary objects under different
lightings. The mapping is based on barycentric UV coordinates with a scaling
limitation to reduce artifacts caused by deformation. The decomposed material,
which is used for basic relighting, is represented by latent features with a multi-
stage training process to better support synthesis. We have demonstrated that
our method can represent mesoscale appearances with details, and synthesize
and render them on arbitrary meshes in real time.

In the future, there are still many potential research directions. Our work
currently only supports basic relighting with lighting represented by SH. Sup-
porting a complete relighting that allows for more complicated lighting condi-
tions is important to represent the appearance more realistically. Moreover, it is
also interesting to integrate our method into the traditional rendering pipeline
for real-time rendering of complex mesoscale appearances.
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