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Figure 1. CustomTex is capable of generating high-fidelity texture for a 3D scene mesh, driven by instance-specific reference images.

Abstract

The creation of high-fidelity, customizable 3D indoor scene
textures remains a significant challenge. While text-driven
methods offer flexibility, they lack the precision for fine-
grained, instance-level control, and often produce textures
with insufficient quality, artifacts, and baked-in shading.
To overcome these limitations, we introduce CustomTex, a
novel framework for instance-level, high-fidelity scene tex-
turing driven by reference images. CustomTex takes an un-
textured 3D scene and a set of reference images specify-
ing the desired appearance for each object instance, and
generates a unified, high-resolution texture map. The core
of our method is a dual-distillation approach that sepa-
rates semantic control from pixel-level enhancement. We
employ semantic-level distillation, equipped with an in-
stance cross-attention, to ensure semantic plausibility and
“reference-instance” alignment, and pixel-level distillation
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to enforce high visual fidelity. Both are unified within a
Variational Score Distillation (VSD) optimization frame-
work. Experiments demonstrate that CustomTex achieves
precise instance-level consistency with reference images
and produces textures with superior sharpness, reduced ar-
tifacts, and minimal baked-in shading compared to state-
of-the-art methods. Our work establishes a more direct and
user-friendly path to high-quality, customizable 3D scene
appearance editing.

1. Introduction

The creation of photorealistic and stylistically consistent 3D
indoor scenes is a cornerstone of applications in virtual and
augmented reality, architectural visualization, and film pro-
duction. A critical factor in achieving this realism is textur-
ing, which entails assigning surface materials and colors to
3D geometry. While recent advancements in 3D reconstruc-
tion, such as Neural Radiance Fields [49] and 3D Gaussian



Splatting [38], have made remarkable progress in captur-
ing geometry and view-dependent appearance, they often
produce “baked-in” textures that are entangled with light-
ing and lack material properties. Consequently, re-texturing
these scenes with new, consistent and high-quality materials
remains a significant challenge.

Most recent 3D indoor scene texturing methods [14, 35,
72] address this problem by leveraging the power of pre-
trained text-to-image diffusion models [33, 59]. By using
text prompts as guidance, these methods can, in principle,
generate a vast array of materials and styles. However, this
approach is often insufficient for indoor scene texturing, as
text prompts alone are inherently ambiguous and struggle to
convey precise visual characteristics. Using a reference im-
age as prompt [36] can provide more direct visual guidance,
such as the photographs of different home decoration styles.
Yet, this approach typically offers only global, coarse-level
control, still falling short of allowing users to specify fine-
grained attributes like the specific weave of a fabric, the ex-
act grain of wood, or the subtle pattern of a wallpaper.

Moreover, state-of-the-art 3D indoor scene texturing
methods [14, 35, 72] often produce textures of insufficient
quality for high-fidelity rendering. Their outputs lack the
sharpness and richness found in artist-created or physically
scanned textures, appearing instead soft, blurry or unnatu-
rally uniform upon close inspection. This limitation arises
from the entanglement of pixel-level fidelity and semantic-
level perception in the diffusion process [63]. Addition-
ally, these methods tend to produce textures with “baked-in”
shading, as diffusion models learn and replicate the lighting
and depth cues prevalent in the training datasets. The result-
ing textures that contain obvious highlights and shadows are
not suitable for differently lighted renderings.

To overcome these limitations, we present CustomTex,
a novel framework designed for instance-level controllable
and high-fidelity texturing of 3D indoor scenes. As shown
in Fig. 1, CustomTex generates a customized texture for
a 3D scene mesh, based on a set of reference images that
specify the desired appearance for each instance (e.g., sofa,
cabinet, chair and walls) in the scene. The texture generated
by CustomTex maintains instance-level consistency with
the reference images, and yields a visually compelling ap-
pearance with significantly reduced blurriness, artifacts, and
“baked-in” shading compared to existing SOTA methods.
To this end, CustomTex separates semantic generation and
pixel enhancement into two distinct distillation processes
with two pre-trained stable diffusion models [63, 80]. The
semantic-level distillation, equipped with an instance cross-
attention mechanism, ensures sufficient semantic plausibil-
ity and enables precise instance-specific control over the
generated textures. The pixel-level distillation focuses on
boosting the visual fidelity and quality of the generated tex-
ture, while preserving the underlying structural and seman-

tic information. Both processes are unified within a single

optimization framework based on Variational Score Distil-

lation (VSD) [66].

The technical contributions of this paper are summarized
as follows:

* A novel texture generation framework that enables flexi-
ble, instance-level customization using multiple reference
images as prompts.

* A dual-distillation training approach that effectively pre-
serves semantic content while enhancing pixel-level fi-
delity.

* An instance-guided Variational Score Distillation ap-
proach that captures the multiple modes present in the
reference imagery.

2. Related Work
2.1. Neural 3D Generation

Early research on 3D generation neural methods primarily
relied on curated 3D datasets and explicit geometric rep-
resentations, including voxels [16, 41, 60, 62, 68], point
clouds [2, 19, 70, 81], meshes [21, 29, 43, 55, 71], and
signed distance fields [17, 20, 22, 32, 53], which established
foundational pipelines for learning 3D structures. However,
the scarcity and high cost of high-quality 3D datasets limit
current generative models, hindering their scalability, shape
diversity, and visual fidelity due to limited scale and cate-
gory coverage.

Driven by the progress in large-scale vision-language
models [9-12, 34], recent methods treat 3D as a rendering
target rather than a domain requiring explicit 3D supervi-
sion. By leveraging differentiable rendering and volumetric
neural representations, these methods can propagate gradi-
ents directly from 2D observations [1, 7, 8, 51, 82], expand-
ing the effective data regime to infer 3D structure from vast
collections of unlabeled images [28]. However, these meth-
ods still faces challenges in reconstructing fine-grained ge-
ometry and maintaining high-frequency appearance details.

2.2. Feed-Forward Texturing

Texture synthesis aims to produce coherent and high-
fidelity appearances on 3D surfaces, ensuring consistency
in color [39, 46] and geometry cues [4, 30, 31] that reflect
shading, material response, and view-dependent effects.
Unlike 2D texture transfer [23, 24], 3D texturing must
maintain cross-view and geometric consistency over com-
plex surfaces. With the advancement of learning-based 3D
representations, UV-based networks [5, 18], convolution-
based operations [3, 61], transformer-based methods [65,
69] and StyleGAN-inspired architectures [37, 42] have
jointly modeled geometry and appearance, achieving more
faithful texturing for 3D objects and small-scale scenes.
Nevertheless, these methods often rely on carefully curated



textured datasets and generalize poorly to complex real-
world settings, which exhibit diverse geometries, cluttered
compositions, and intricate light-material interactions.

2.3. Diffusion-based Texturing

Diffusion models [33, 44, 59, 78, 79] have revolution-
ized generative modeling, providing powerful 2D priors
that enable high-quality 3D texture generation for both ob-
jects [25, 66, 75] and scenes [35, 77] without large-scale 3D
supervision, building upon their success in realistic image
synthesis.

Existing diffusion-based 3D texturing frameworks
can be broadly categorized into three major streams.
(1) Inpainting-based methods, such as TEXTure [58],
Text2Tex [13] and TexFusion [6], progressively generate or
refine textures from each rendered view with depth-aware
diffusion models [50, 80]. Then, they project and blend
the results onto the 3D surface to form a global texture
map progressively. While effective, this sequential process
often introduces artifacts such as cross-view inconsisten-
cies, seams, and texture drift. (2) Texture-space sampling
methods like GenesisTex [27] and GenesisTex2 [47], ad-
dress the coherence issue by performing diffusion directly
on UV maps or latent textures, utilizing cross-view latent
buffers and multiview score feedback. This strategy yields
superior global consistency but introduces a dependence on
high-quality UV parameterization and faces scalability is-
sues with large or irregular assets. (3) Score Distillation
Sampling (SDS) based methods enable direct 3D optimiza-
tion through gradients from pre-trained diffusion models.
Originally introduced by DreamFusion [56] for text-driven
NeRF optimization, SDS was later extended to latent-space
training in Latent-NeRF [48] and texture optimization in
Latent-Paint. Subsequent works [15, 40, 74] incorporated
geometry-aware constraints, enhanced sampling strategies,
and accelerated convergence, evolving SDS from slow per-
scene optimization toward more scalable and generalizable
3D generation frameworks.

2.4. 3D Indoor Scene Texturing

SceneTex [14] is a representative work in this field, which
marks an important step toward realistic indoor environ-
ment texturing using VSD. RoomPainter [35] features a
zero-shot technique that effectively adapts diffusion model
for 3D-consistent texture synthesis. However, both meth-
ods rely on text prompts, which can’t convey precise visual
information, and offer only global, coarse control over the
texture generation process. The only existing method for
instance-level control is InstanceTex [72], which uses mul-
tiple text prompts to specify textures for different objects.
Unfortunately, it shares the limitations of other text-driven
methods and struggles to produce textures of sufficient qual-

ity.

Our method explores image-driven, instance-level tex-
turing for indoor scenes. This paradigm provides fine-
grained supervision, material-level alignment and richer
style controllability, creating a more direct and user-friendly
path to high-fidelity scene appearance editing.

3. Method

3.1. Overview

Our work aims to texture a complete 3D indoor scene from
a collection of reference images. The framework takes two
inputs: an untextured 3D scene composed of multiple object
instances {O;}¥ |, and a set of reference images {Z,*/ } V|
that define the desired appearance of each instance. We as-
sume that the input 3D scene is unwrapped, where UV co-
ordinates map each vertex of the mesh to a texel in a texture
map. The main requirements for the output texture 7 are
twofold: 1) each instance’s texture must faithfully harmo-
nize with the appearance of its assigned reference image; 2)
the entire texture must be of high quality and form a stylis-
tically coherent whole across all instances.

We formulate this texture synthesis task as an opti-
mization problem in the UV space, and propose a dual-
distillation training approach comprising semantic-level
and pixel-level distillation. As shown in Fig. 2, the frame-
work distills a pre-trained depth-to-image diffusion model
[80] to provide a prior on semantic plausibility based on
the reference images prompts. Concurrently, the framework
also distills a pre-trained super-resolution diffusion model
[63] to provide a prior on visual fidelity and quality of the
rendered texture. The optimized texture is represented by
an implicit multi-resolution texture field that encodes the
texture features at different scales in the UV space.

3.2. Semantic-level Distillation

To ensure the generated texture for each instance semanti-
cally aligns with its reference image, we employ a semantic-
level distillation process using instance-guided Variational
Score Distillation (InsVSD). InsVSD conditions the distil-
lation on instance-level images prompts, thus allowing the
generated texture to learn a comprehensive distribution that
encapsulates the multiple modes present in the reference
imagery.

The 3D target mesh, with its optimized texture 7, is
projected to a randomly sampled viewpoint via a differen-
tiable rasterizer, rendering an RGB image I, a depth im-
age d and a set of instance masks {m;} , for different
object instances. The depth image d is fed into the depth-
to-image diffusion model [80], which is conditioned on the
features {f/“/ } N, of reference images {Z/*/ }N to pro-
vide semantic guidance. These features are extracted from
the reference images by the image encoder in IP-Adapter

[73]. To align each feature f7°/ with its corresponding in-
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Figure 2. Pipeline of CustomTex. CustomTex textures a complete 3D indoor scene by optimizing a texture map in UV space through a
dual-distillation training approach. In each iteration, the 3D scene with optimized texture is rendered from a random viewpoint, producing
an RGB image, a depth map and instance masks. Instance masks are used to align each reference image’s features with the correct object
instance in the rendered RGB image via a specialized cross-attention. The Variational Score Distillation gradient and the Super-Resolution
gradient are computed based on the well-aligned reference images condition to update the texture field.

stance’s position on the rendered RGB image I, we use the
instance mask m; to adjust the computation of cross atten-
tion corresponding to f; °/ . This process is formulated as:

T

QK,
Vi,

Z' = Vi, D

1

i Z m; - Softmax(
i=1

where Q = ZW,, K = firefWk,V = firefWU represent
the queries, keys and values within the cross-attention mod-
ule, Z, Z' denote the input and output features of the mod-
ule, and W, W, W, are the projection matrices used for
linear transformations. As the mask m; can accurately align
each f7“/ with specific positions of the rendered RGB im-
age I, the appearance of the original reference image I; ef
is precisely positioned on the relevant instance’s parts in the
texture UV map 7.

In the distillation, we transfer the semantic and stylis-
tic content of each 17 into the corresponding parts in 7.
To achieve this, we train a lightweight and learnable LoORA
model ¢r,ra to learn the prior from the frozen depth-to-
image model ¢4. This prior defines the characteristics of a
plausible rendered RGB image based on the provided im-
age prompts 17/ As both the parameters ¢ in the LoRA
model ¢r,ra and the parameters 6 in texture 7 (6) need
to be optimized, we adopt an alternative two-step optimiza-
tion strategy. Firstly, the LoORA model is frozen and 6 is
optimized via the VSD gradient:

where ¢"¢f denotes the reference image prompts condition,
t denotes the time step and w(t) denotes the weighting func-
tion. After 7(6) is updated via the VSD gradient, we un-
freeze LoORA model and update ¢ with 6 fixed. The training
objective for the LORA model is defined as:

£LORA(¢a da CTef) =
. ref 3
in B e (T(O): .7 0) = €3

where the added noise is € ~ N(0,1).

3.3. Pixel-level Distillation

While the semantic guidance ensures the instance-level con-
sistency with the reference images, achieving high-fidelity
texture details is paramount for visual realism. To this end,
our pixel-level distillation leverages a pre-trained image
super-resolution model [63] to enhance the clarity and reso-
Iution of the synthesized texture. This model [63] achieves
state-of-the-art super-resolution performance and is itself
trained with VSD, allowing for the seamless integration of
its components into our framework.

As shown in Fig. 2, the super-resolution (SR) model
contains VAE encoder, SR diffusion network and VAE de-
coder, which are all frozen in the optimization. We denote
the SR diffusion network as ¢gr. The rendered RGB im-
age I is fed into the VAE encoder to generate latent feature
Ty, After being added with noise, I}, is denoised by the
depth-to-image diffusion network ¢4. Additionally, Ioy1, is
also denoised by the SR diffusion network. The SR gradient



is defined as:

VoLsr(0,d,c") = Ep[w(t)(epsq (T(0); 1)~

€pLora (T(e)v d? Cref7 t)) 7}

When optimizing the parameters 6 in texture 7 (), the SR
gradient is combined with the VSD gradient defined in Eq.
2, and back-propagated together through the rasterizer to
update 6. The final gradient is defined as:

VoL = VoLysp(0,d, ") + A\spVoLsr(0,d, "),
®)
where Agp is the weighting parameter used to balance the
two gradients in optimization. This gradient combination
ensures the final texture possesses both correct large-scale
structures and rich high-frequency details, yielding a sharp
and visually compelling appearance.

3.4. Texture Representation

We use multi-resolution hash grid derived from Instant-
NGP [52] to represent the implicit texture 7 (6). In this rep-
resentation, 7 () first takes UV coordinates from the raster-
ized renderer, quantizing these coordinates into multi-scale
grid levels through a hash mapping function. The feature
values from all levels are then concatenated along the fea-
ture dimension to form high-dimensional UV embeddings.
The UV embeddings are then decoded into the final RGB
image [ via a cross-attention texture decoder from [14]. The
parameters # encompass both the parameters in texture map
and the parameters in texture decoder, all of which need to
be optimized.

3.5. Implementation Details

Our training uses 5,000 spherically distributed viewpoints
sampled within the scene space and runs for 30,000 it-
erations. The learning rate is set to 0.001 in the tex-
ture field updating and 0.0001 in the LoRA module fine-
tuning. We employ a time annealing strategy: uniformly
sample timesteps ¢ ~ U(0.02,0.98) for the first 5,000 iter-
ations and then gradually shift the sampling distribution to
t ~ U(0.02,0.5). To ensure training stability, Lsg is set to
0 for the initial 5,000 iterations and then increased to 1.2 for
the remainder of the training. The whole training takes ap-
proximately 48 hours on a single NVIDIA RTX A800 GPU.
All generated textures have a resolution of 4,096 x 4, 096.
Our implementation is built upon the PyTorch, utilizing the
Parameter-Efficient Fine-Tuning (PEFT) library for LoRA
injection, and PyTorch3D for all differentiable rendering
and texture projection.

4. Experiment

4.1. Experimental Setup

Baselines. We compare CustomTex against a compre-
hensive set of texture synthesis baselines to demonstrate
its effectiveness. These baselines include image-to-texture
methods like Paint3D [76], HY3D-2.1 [64] and SceneTex-
IPA [14], and text-to-texture methods like TEXture [58],
Paint3D [76], SyncMVD [45], HY3D-2.1 [64] and Scene-
Tex [14]. Paint3D and HY3D-2.1 support both image
and text prompts. As the original SceneTex is limited to
text prompt, we adapt it by integrating an IP-Adapter [73]
to accommodate image prompt and name this variant as
SceneTex-IPA. Since all image-to-texture baselines don’t
support multiple image prompts, we stitch the reference im-
ages into a single large image to serve as the image prompt
for these baselines. As for the text-to-texture comparison,
we utilize GPT-4v to generate the set of reference images
for our CustomTex from a fine-grained textual prompt.

Evaluation Metrics. We employ a multi-faceted eval-
uation protocol tailored to the two comparison scenarios.
For comparison with the image-to-texture baselines, we
adopt CLIP-Score (CLIP-I) [57] and CLIP-FID (a CLIP
version of FID [54]) to quantify the distributional similarity
between renderings of the textured meshes and the refer-
ence images. Furthermore, to incorporate a human-centric
perspective, we leverage the latest LMM-based model Q-
Align [67] for comprehensive Image Quality Assessment
(Q-Align IQA) and Image Aesthetic Assessment (Q-Align
TAA) of the final textured mesh renderings. For comparison
with text-to-texture baselines, we follow SceneTex [14] that
utilizes CLIP-Score (CLIP-T) and Inception Score (IS) [62]
to measure semantic fidelity to the input prompts and gen-
erated texture quality respectively. We conduct quantita-
tive experiments on the same evaluation dataset as Scene-
Tex [14], which comprises 10 scenes sampled from 3D-
FRONT [26].

4.2. Method Comparison

Quantitative Results. Our CustomTex demonstrates quan-
titative superiority in both image-to-texture and text-to-
texture generation. As shown in Tab. [, CustomTex
achieves top performance across all four metrics in the
image-to-texture task. Its leading CLIP-I and CLIP-FID
scores indicate that the textures produced by CustomTex
exhibit greater distributional similarity to the reference im-
ages, and its leading Q-Align IQA and IAA scores reflect its
higher-quality texture generation. This superiority extends
to the text-to-texture task. As evidenced by Tab. 2, Custom-
Tex achieves the highest scores across all metrics, demon-
strating strong semantic fidelity to text prompts (CLIP-T)
while also attaining superior image quality (IS, Q-Align
IQA and Q-Align IAA).
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Figure 3. Qualitative comparison on image-to-texture generation. All generated textures are rendered by 3ds Max software at a resolution
of 2000 x 2000 for visualization. CustomTex demonstrates instance-level consistency with the reference images, while also exhibiting
greater sharpness with fewer shading effects and artifacts compared with the baselines.
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Figure 4. Qualitative comparison on close-up texture renderings.
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Figure 5. Qualitative comparison on text-to-texture generation.
The text prompt is: “The Nanyang vintage-style living room
equipped with walls featuring dark wood panel textures, a brown
leather sofa, a round fabric stool with floral patterns, a TV stand
made of dark wood with golden handles, dark brown wooden
chairs and a light-color wood coffee table.” GPT-4v is used to
convert this text prompt into reference image prompts for our Cus-
tomTex. All generated textures are rendered to 768 x 768 res-
olution images for visualization. Only CustomTex demonstrates
instance-level consistency with the text prompt.

Method cLP-it  cLp-pipy  QAlien - Q-Align
IQAT  IAA?T
Paint3D [76] 0.694 130.138 2.896 2.401
HY3D-2.1 [64] 0.682 134.680 2.187 1.838

SceneTex-IPA [14] 0.741 121.118 4.009 3.594

CustomTex (Ours) 0.797 106.229 4.469 3.629

Table 1. Quantitative comparison on image-to-texture generation.

Method cup-rt sy Alien Q-Align
QAT  IAAT
TEXture [58] 0557 1372 1.645 1574
Paint3D [76] 0734 2330 2442 1.792
SyncMVD [45] 0712 2467  2.409 2328
HY3D-2.1 [64] 0734 2381 2774 2.033
SceneTex [14] 0.639  3.009  3.824 2.681
CustomTex (Ours) | 0766 3311 4252 3.343

Table 2. Quantitative comparison on text-to-texture generation.

Qualitative Results. Fig. 3 presents the qualitative
comparison on image-to-texture generation. Paint3D [76]
and HY3D-2.1 [64] fail to correctly interpret stitched ref-
erence image prompts, resulting in repetitive patterns and
an unnaturally uniform style. SceneTex-IPA [14] achieves
greater similarity to the reference yet still deviates from it.
In contrast, our CustomTex demonstrates precise instance-
level consistency with the reference across objects like sofa,
chair, cabinet, tea table and walls. Additionally, Custom-
Tex produces textures with enhanced sharpness and a no-
table reduction in shading effects and artifacts compared to
SceneTex-IPA [14]. Fig. 4 presents close-up visual com-
parisons of the rendered textures, highlighting differences
in quality, sharpness and detail.

Fig. 5 presents the qualitative comparison on text-to-
texture generation. The text prompt specifies fine-grained
attributes for each object in the scene. However, TEX-
ture [58], Paint3D [76], SyncMVD [45] and HY3D-2.1 [64]
fail to correctly interpret this complex text prompt, result-
ing in visually irrational and low-quality textures. Scene-
Tex [14] produces more globally reasonable and natural tex-
tures, but the textures of the walls and coffee table are not
consistent with the text prompt, which specifies “walls fea-
turing dark wood panel textures” and “light-color wood cof-
fee table.” CustomTex uses image prompt to produce tex-
tures with precise instance-level consistency to the complex
text prompt. This comparison indicates that text prompt
struggles to convey precise visual characteristics compared
with image prompt.

4.3. Ablation Study

To comprehensively analyze the contribution of each mod-
ule, we evaluate three variants of CustomTex: w/o Lsr, W/0
feature-level mask and w/o multi-ref. The qualitative and
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Figure 6. Qualitative ablation study results.

Method CLIP-I4  cLp-ppy  QAlien Q-Align
IQAT  IAAT
wlo Lsr 0.736 118.247 3330 2.664
w/o f-mask 0.743 111.205 3.689 3231
wlo multi-ref | 0.757 109.243 4.053 3.519
full model 0.797 106.229 4469  3.629

Table 3. Quantitative ablation study results. We validate the effec-
tiveness of our method by testing three model variants: w/o Lsr,
w/o feature-level mask and w/o multi-ref, showcasing their distinct
contributions.

quantitative ablation results are shown in Fig. 6 and Tab. 3.

Does Pixel-level Distillation truly improve texture qual-
ity? To answer this, we let Agr equal O in the Eq. 5
and conduct only semantic-level distillation, under the w/o
Lsr setting. As shown in Tab. 3, this leads to a signifi-
cant drop in two image quality assessment metrics (Q-Align
IQA and TAA). Fig. 6 (a) further reveals that the results ex-
hibit increased blurriness and artifacts, particularly along
object boundaries. This confirms that pixel-level distilla-
tion provides crucial high-fidelity supervision, which helps
preserve finer textural details and sharpness.

Is feature-level masking an effective way to fuse refer-
ence images and instance masks? In the w/o feature-level
mask (f-mask) configuration, we apply instance masks at
the noise-level instead of the feature-level of cross-attention
layers, which can be represented by the formula: €3, =
+ Zf;l mieg, (T(0);d, ;! 1), and the same operation is
also applied to €4. As shown in Fig. 6 (b), this causes un-

stable lighting around objects, indicating that feature-level
masking better aligns the instance cues with the generated
features while more effectively preserving lighting stability.

What are the effects of merging all reference images into
a single large image instead of using multi-reference in-
puts? In the w/o multi-ref setting, we concatenate all ref-
erence images (e.g., sofa, bed, table, etc.) into one large
composite input. As shown in Fig. 6 (¢), this design makes
it difficult for the model to distinguish between object in-
stances, resulting in notable inconsistency between the ref-
erence images and the generated targets. These results high-
light the necessity of maintaining multi-reference input for
clear instance separation and fine-grained controllability.

5. Conclusion

In this paper, we present CustomTex, a novel framework for
high-fidelity and instance-level controllable texturing of 3D
indoor scenes. By providing a direct path from a set of refer-
ence images to a high-quality, unified texture map, Custom-
Tex offers a more practical and user-friendly paradigm for
3D scene appearance editing. CustomTex has certain limi-
tations we plan to address in future work. The training pro-
cess to generate 4K-resolution textures is computationally
intensive, typically taking several hours to complete. Fur-
thermore, our method currently focuses on diffuse albedo
texturing and does not generate other material maps, such
as normal or roughness.
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