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Figure 1. UniTEX generates high-quality and complete textures for both artist-created low-polygon mesh (the van shell) and generative
high-polygon meshes (robots, toy bear, bust, and roadsign).

Abstract

We present UniTEX, a novel two-stage 3D texture gener-
ation framework to create high-quality, consistent textures
for 3D assets. Existing approaches predominantly rely on
UV-based models in the second stage to refine textures af-
ter reprojecting the generated multi-view images onto the
3D shapes, which introduces challenges related to topo-
logical ambiguity. To address this, we bypass the limi-
tations of UV mapping by introducing a Large Texturing
Model (LTM) that directly regresses textures in a unified
3D functional space. Moreover, to enable more effective
and complete supervision of LTM, we propose to extend
surface-defined textures into a continuous volumetric field
to serve as an advanced training objective, which we refer
to as Texture Functions (TF). Finally, we develop an ad-
vanced LoRA-based strategy for efficiently adapting large-
scale 2D Diffusion Transformers (DiTs) for high-quality
multi-view texture synthesis as our first stage. Extensive
experiments demonstrate that UniTEX achieves superior vi-
sual quality and texture integrity compared to existing ap-
proaches, offering a generalizable and scalable solution for

*Equal contribution.
†Corresponding author.

automated 3D texture generation. Code is available in:
https://github.com/HKUST-SAIL/UniTEX

1. Introduction
High-quality texture generation plays a critical role in 3D
asset creation, as it directly impacts both the visual real-
ism and semantic fidelity of rendered models. In modern
applications such as gaming, virtual reality, and digital con-
tent creation, photorealistic textures are essential for deliv-
ering immersive and visually engaging experiences. How-
ever, producing detailed and aesthetically refined textures
typically requires significant manual effort and domain ex-
pertise, making the process time-consuming and resource-
intensive.

Recently, diffusion models trained on large-scale
datasets [11, 34] have brought about a revolutionary trans-
formation in the field of image and video generation. In-
spired by this, there is an expectation that 3D texture gener-
ation can also be greatly simplified, enabling direct genera-
tion from text descriptions or a single reference image. Prior
works [1, 8, 27, 44] have primarily addressed this by adapt-
ing 2D generative models for multi-view texture generation
and then projecting these multi-view textures onto the 3D
mesh. While this approach leverages strong 2D priors and
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achieves some promising results, the generated textures of-
ten suffer from issues of self-occlusion and multi-view in-
consistencies, leading to textures on the 3D surface that are
incomplete or fragmented. To mitigate this, some early at-
tempts [1, 43, 44] introduce a second stage of UV-based
inpainting process to merge the partial views into a coher-
ent texture map to handle those incomplete or inconsistent
areas after multi-view projection. Although these methods
provide completed texture, in practice, UV-based inpainting
often struggles to handle meshes created from generative AI
pipelines [22–24, 29, 41, 51] as shown in Fig. 2. This practi-
cal observation highlights the generalization bottlenecks of
UV-based inpainting for real-world 3D texture generation.

This challenge stems from a fundamental limitation of
UV mapping, which we refer to as topological ambiguity.
Specifically, a single 3D mesh can correspond to multiple
valid UV layouts that are not uniquely determined by the
geometry but are also highly sensitive to vertices/faces dis-
tributions and UV unwarping algorithms. This ambiguity
poses a critical challenge for UV-based inpainting models
because there is no guarantee that the UV parameteriza-
tion used during inference will match that of the training
stage. Therefore, the quality of the results is not guar-
anteed. (We provide an additional experiment to prove
that, which about UV-based methods under different uv-
parameterizations in Supp. B.1.) This problem becomes
especially pronounced when texturing meshes produced by
generative pipelines [22, 23, 51], which are typically ex-
tracted using MarchingCubes [28] and exhibit diverse mesh
topologies. The resulting domain gap severely limits gener-
alization during the inference of current UV-based inpaint-
ing models.

To address this challenge, we formulate texture inpaint-
ing and prediction as a native 3D regression task that
takes both images and geometry as input. Accordingly,
we propose the Large Texturing Model (LTM) (detailed in
Sec. 3.3), which learns textures within a unified 3D func-
tional space from both images and geometry. Moreover,
we introduce the Texture Function (TF), which extrapolates
texture signals, originally defined only on object surfaces,
into the whole 3D space, similar to signed or unsigned
distance fields (SDFs/UDFs) [2]. This transforms the sur-
face texture signal into a smooth and continuous volumet-
ric field, analogous to how SDFs/UDFs represent geometry.
The resulting TF serves as a training objective for LTM,
providing richer and more complete supervision. By remov-
ing dependence on UV layouts and introducing a more ad-
vanced supervision signal, our method reduces the domain
gap in texture generation between training and real-world
data, offering a generalizable and scalable second stage in
the 3D texturing pipeline.

To further enhance the overall quality of the texture
generation pipeline, we propose an advanced LoRA-based
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Figure 2. UV-based texturing models perform well on in-domain,
artist-created meshes (first column), but struggle with out-of-
distribution, generated meshes (second column). While effective
on large, continuous regions, they fail to handle small, fragmented
areas due to training biases toward clean, large-region UV layouts.
In contrast, our method operates outside the UV space, enabling
better generalization across diverse mesh types. Additional com-
parisons are provided in Sec. 4.3.

training strategy that efficiently adapts large-scale diffusion
transformers (DiTs) for multi-view synthesis conditioned
on geometry and reference images. Since first-stage texture
generation heavily depends on the capabilities of 2D diffu-
sion models—and large-scale DiTs currently dominate 2D
generative modeling—our approach is specifically designed
to leverage these strengths effectively.

We evaluate our method through extensive experiments
on multiple settings, demonstrating its superiority over ex-
isting approaches in terms of both visual quality and texture
integrity. Overall, our contributions are summarized as:

• We design a novel Large Texturing Model (LTM) to di-
rectly predict texture from images and geometry inputs in
3D space, which bypasses UV mapping and models tex-
ture as a completed spatial field.

• We propose Texture Function (TF), an advanced continu-
ous 3D texture representation that serves as a more effec-
tive supervision signal for LTM.

• We develop a LoRA-based strategy to efficiently adapt
large diffusion transformers (DiTs) for downstream tasks,
enabling high-quality multi-view synthesis for texture
generation using large-scale Diffusion Transformers.
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2. Related work

2.1. 3D Texturing using Diffusion Models

Most existing texturing methods leverage 2D priors from
text-to-image (T2I) diffusion models [34] to generate tex-
tures from text or images. Methods like Text2Tex [4] and
TEXture [33] iteratively paint meshes from multiple views
but often lack multi-view consistency. Another line of
work uses optimization-based approaches with Score Dis-
tillation Sampling (SDS) to directly refine texture maps,
as seen in Fantasia3D [5], Magic3D [25], and Dream-
Mat [49]. FlashTex [9] improves light disentanglement by
introducing a light-conditioned diffusion model in a two-
stage pipeline. However, SDS-based methods typically rely
on single-view diffusion models, suffer from view inconsis-
tency (e.g., Janus problem), and require expensive iterative
optimization, limiting their scalability.

Subsequent works aim to improve multi-view consis-
tency and texture quality by fine-tuning diffusion mod-
els [8, 44, 47, 51], introducing advanced sampling strate-
gies [3, 27, 46], or designing 2D diffusion models to adopt
UV refinement [1, 43, 44]. TexFusion [3] uses a denois-
ing sampler that fuses images across views in UV space
at each step. Paint3D [44] refines textures through a UV
inpainting model. Meta 3D TextureGen [1] leverages a
geometry-aware T2I model for consistent multi-view syn-
thesis, and Hunyuan3D 2.0 [51] proposes a model to gen-
erate multi-view textures simultaneously. Although these
UV-based methods can leverage the powerful priors of 2D
diffusion models, the UV representation inherently suffers
from topological ambiguity, which limits the generalization
capabilities of these methods. In this paper, we propose
Texture Functions (TFs), a continuous 3D texture represen-
tation, aiming to bypass the limitations of UV unwrapping
and achieve complete and high-quality texturing.

2.2. 3D Native Texturing

Another line of work trains generative models directly on
3D data with ground-truth textures [26, 30, 40, 42, 43]. Tex-
ture Field [30] learns implicit color fields on 3D surfaces,
while Texturify [35] uses face convolutions and adversar-
ial rendering losses for per-face texture prediction. Re-
cent diffusion-based methods such as PointUV [42], Tex-
GEN [43], and TexOct [26] generate point cloud colors
mapped to UV textures. TexGaussian [40] introduces an
octree-based 3D Gaussian representation trained to predict
textures from text and geometry and then bake them to the
original mesh. Although these native 3D approaches offer
better completion compared with 2D diffusion-based meth-
ods, they are limited by the scarcity of 3D data and lim-
ited generalizability. In this paper, we reposition native 3D
texturing as a refinement module in a second-stage refine-
ment and get more generative conditions (multi-view im-

ages) from 2D foundation models like [20]. By integrating
the strong generative capabilities of 2D diffusion models,
our method achieves more robust performance under lim-
ited data and produces higher-quality results.

3. Methods

3.1. Overview

In this section, we present a detailed design of our tex-
turing pipeline, which is a two-stage pipeline that fully
considers the combination of the 2D diffusion models for
multi-view generation and 3D texturing methods for tex-
ture completion. As shown in Fig. 3, given a single input
image and a textureless 3D mesh, our system first fine-
tunes two large-scale diffusion transformers (Flux *) us-
ing an efficient LoRA-based training strategy (Sec. 3.2) to
generate six orthographic, illumination-free views condi-
tioned on the mesh’s normals and canonical coordinate map
(CCM) [21, 39], which is a special type of rendered im-
age where each pixel encodes the 3D coordinate of the sur-
face point it corresponds to). These generated images can
optionally be used for super-resolution [10]. After repro-
jection and blending, the synthesized views, along with the
partially textured geometry, are fed into our Large Texturing
Model (LTM) (Sec. 3.3), which predicts the corresponding
complete texture functions(Sec. 3.3.2). The final texture is
then synthesized by blending the predicted texture functions
with the initial partial textured geometry.

3.2. Efficient DiT Tuning for MV Generation

In this section, we present the details of the first stage in
Fig 3. We fine-tune two large-scale diffusion transformers
using in-context learning to adapt the model to our specific
task: 3D texturing. Specifically, the first Flux takes refer-
ence images, normal maps, and canonical coordinate maps
(CCMs) of a textureless mesh as input and generates corre-
sponding shaded images. The second Flux is used to delight
and generate diffuse color for final texturing. The generated
diffuse color images can be used with super-resolution [10]
for better results.

However, effectively adapting 2D diffusion models for
3D texturing presents unique challenges. Unlike traditional
2D generation, our task requires significantly more condi-
tioning signals. For instance, generating six-view images at
512×512 resolution demands a reference image and corre-
sponding geometric information (e.g., normals and CCMs)
for all six views. Moreover, since diffusion transformers
(DiTs) rely heavily on in-context learning [36, 50]—where
all inputs and conditions are jointly encoded as tokens—the
resulting volume of token inputs substantially increases
training cost and slows convergence.

*https://huggingface.co/black-forest-labs/FLUX.1-dev

19919



Large Texturing ModelFlux 
(Drop Train)

Reference Image

Textureless Mesh Textured MeshMulti-View Images

……

Multi-view Generation & Delight & SR (opt.)

CCM & Normals

Texture Refinement

Partial Textured Mesh

Project Query & Merge

Completed Texture

Figure 3. Overall pipeline of UniTEX. Given a textureless geometry and reference image, UniTEX first generates a high-fidelity multi-view
image through three steps (RGB generation, Delighting, and super-resolution (SR)) using finetuned DiTs (detailed in Sec. 3.2). The texture
will be reprojected to a partial textured mesh and sent to the Large Texturing Model (Detailed in Sec. 3.3) with generated images to predict
the corresponding complete texture functions (detailed in Sec. 3.3.2). The final texture is then synthesized by blending the predicted texture
functions with the partial textured geometry.
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Figure 4. Pipeline of the Large Texturing Model. Given a par-
tially textured geometry and six input views, we first unify them
into a shared triplane-cube token representation. A transformer-
based architecture then processes these tokens to extract geometry-
aware features, which are subsequently decoded into colors using
a lightweight MLP.

Recent studies, such as MVDiffusion++[37] and Long-
LoRA[7], suggest that it is not strictly necessary to preserve
the full forward computation pattern during both training
and inference when fine-tuning large-scale foundation mod-
els. Specifically, Long-LoRA proposes truncating attention
windows during training while restoring full attention at
inference time to save resources and achieve long context
finetuning. Similarly, MVDiffusion++ demonstrates that
training on fewer views and inferring more views at test
time can still yield strong performance. This invites a re-
thinking of why such behaviors can work and what fine-
tuning is truly optimizing for. Using texture generation as
an example, the image quality does not need to be trained
during finetuning, the pattern we want the model to learn

is "multi-view consistency and correspond to conditions".
Learning such a pattern may not require simultaneous ac-
cess to all input tokens. Building on this insight, we pro-
pose a drop training strategy: during each training step,
only a subset of all tokens is retained, and the diffusion
transformer is conditioned and generated solely on these
selected tokens rather than the full input tokens. This ap-
proach reduces the dependency on complete image tokens,
allowing the model to learn from partial information while
maintaining task-relevant needs. As shown in Sec. 4.5.1,
This method achieves comparable generation quality to full-
input fine-tuning at the same iterations while significantly
accelerating training and reducing the computational cost.

3.3. Large Texturing Model
Previous two-stage texturing methods primarily relied on
UV-based inpainting, which often suffers from topological
ambiguities and leads to suboptimal texture quality. In our
work, we propose Large Texturing Model (LTM) to regress
the texture in a 3D functional space to bypass the topology
ambiguity and serve as the second stage in Fig. 3.

The pipeline of our Large Texturing Model (LTM) is
shown in Fig. 4. Based on the generated images from
Sec. 3.2 with textureless / incomplete textured geometry,
we introduce the Large Texturing Model (LTM) (detailed in
Sec. 3.3.1), which is designed to regress the Texture Func-
tions (Detailed in Sec. 3.3.2) for the second stage of our
texturing pipeline.

3.3.1. Architecture Design
We first initialize our triplane-cube with a set of learn-
able tokens, which contain a high-resolution triplane T ∈
R3×32×32 as well as a low-resolution cube C ∈ R8×8×8,
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Figure 5. Qualitative comparison of our method against SoTA open-source texturing methods. Our method consistently achieves superior
texture quality and generalization across diverse mesh sources. (Detailed analysis is provided in Sec. 4.2; best viewed by zooming in.)
which have been extensively demonstrated to offer a supe-
rior representation compared to triplanes [13, 32]. Then,
we encode 6 ortho-view images, CCM, and alpha maps to a
triplane like CRM [39] and add them together to the initial
triplane tokens. After that, we encode geometry information
into such a representation following Shape2VecSet [45].
Specifically, we sample the colored point cloud in the par-
tial textured geometry and use the triplane-cube tokens to
query them through cross-attention.

After integrating the information of 2D images and 3D
geometry, we use a transformer architecture with self-
attention to process these flattened features of triplane-
cube. Then, the final output is first reshaped into triplane
and cube representations, then upsampled using 2D and 3D
deconvolution layers respectively.

During texture sampling, we implement an MLP, de-
noted as MLPθ to predict RGB queried from the triplane-
cube features denoted as T C. Specifically, given a query
3D point x, we predict the correspondence color as:

ĉ(x, T C) = MLPθ(gridsample(x, T C)), (1)

where ĉ ∈ R3 is the predicted RGB color for point x.
Therefore, after training, we can achieve texture predic-
tion/inpainting through querying the color of corresponding
spatial points.

3.3.2. Training Objective – Texture Functions:
In this section, we describe how we train our LTM. Un-
like native 3D geometry generation or reconstruction, which
benefits from well-defined Signed or Unsigned Distance
Fields (SDF/UDF) in 3D functional space as continuous and
complete supervision signals [22, 23, 51], texture is tradi-

tionally defined only on the surface of 3D objects. Prior
works [14, 18, 20, 30, 35] typically rely on surface or vol-
ume rendering to supervise the texture representation via
2D projections. However, this form of supervision is in-
herently sparse and limited in coverage compared to the
dense volumetric supervision available in geometry tasks.
As shown in geometry generation, complete 3D supervi-
sion—such as that provided by SDFs/UDFs—consistently
outperforms sparse alternatives like LRM-based methods.

Motivated by this insight, we propose to extend texture
from a surface-restricted signal to a continuous volumetric
function defined throughout the 3D space as an advanced
supervision signal. Formally, similar to UDF extractions
and proposed in [2], we define a Texture Function as a map-
ping over 3D coordinates x ∈ R3, where each texture value
(RGB) is obtained by finding the closest point on the mesh
surface Ω to x and querying its corresponding color. This
definition aligns naturally with volumetric geometry repre-
sentations and enables unified learning across the entire 3D
domain.

With such texture functions, the training objectives of
LTM are defined as:

Ltexture = Ex∼Ω

[
∥ĉ(x, T C)− c(x)∗∥2

]
+ λLtv(T ), (2)

where x is the set of surface points, ĉ(x) is the predicted
color, and c(x) is the ground truth color derived from tex-
ture functions. Ltv is denoted as the total-variance loss
to regularize the variance of grid-based 3D representation.
The λ denotes the weight, which we set as 0.0005 in our
experiments. Notably, we use truncated texture functions
like truncated SDF that are used for training in [6, 23, 51].
We set the threshold as 0.025. For those points that are out
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Table 1. Quantitative comparison between artist-created and gen-
erative mesh on different texturing methods.

Methods. Artist-created Mesh Generative Mesh

CMMD↓ FIDCLIP↓ CLIPscore↑ LPIPS↓ CLIPscore↑ User-perf.↑
Paint3D 1.196 20.52 0.840 0.107 0.720 6.82%
TexPainter 1.632 27.13 0.804 0.112 0.709 1.36%
TexGaussians 1.290 21.08 0.836 0.095 0.681 4.55%
Hunyuan3D-Paint 0.909 20.38 0.824 0.091 0.800 21.36%
Ours 0.826 16.03 0.844 0.090 0.807 65.91%

of the truncated value, we use the background color as the
ground truth for training.

In addition to providing surface point supervision as in
previous methods, our approach further extends supervision
to off-surface regions in 3D space. Specifically, the colored
regions are expanded into a thin shell (after truncation) sur-
rounding the geometry. This design offers several advan-
tages. First, during color prediction, it implicitly encour-
ages the model to develop a volumetric understanding of the
3D object. Second, the thin shell reduces reliance on highly
precise mesh modeling, as the model can correctly query
colors without exact geometry. Finally, providing a com-
plete supervision signal supports learning a well-structured
latent space and enhances generalizability, leading to im-
proved texture prediction quality, as demonstrated by our
experiments in Sec. 4.5.2. Notably, although similar tex-
ture extrapolation methods have been discussed in [2], our
work is the first to demonstrate that such a representation
can serve as a strong training target to enhance texture gen-
eration, which constitutes one of our key contributions.

4. Experiments
4.1. Experimental Setup
In this section, we separately evaluate the generative abil-
ity of our overall system to demonstrate the effectiveness
of our framework. (Detailed in Sec. 4.2) and the refine-
ment ability of LTM to support our main claim (detailed
in Sec. 4.3). Unlike previous methods [1, 51], we build
two complementary benchmarks that jointly assess perfor-
mance on both artist-created and generated meshes. For
real (artist-created) meshes, we follow the evaluation cri-
teria of MetaTexGen [1]. For generative meshes, we adopt
Craftsman [22] and HY2.0 [51] to synthesize 3D objects for
texturing. This setup allows a comprehensive evaluation of
our model’s texture generation performance under diverse,
real-world scenarios. Due to the limited space, further ex-
perimental details are provided in the Supplementary.

4.2. Texture Generation Comparison
We first evaluate our method visually across meshes from
different sources (handcrafted or generated). We com-
pare against SoTA image-based texturing approaches, in-
cluding Paint3D [44], MV-Adapter [15] and Hunyuan3D-
Paint(2.0 [51] and 2.1 [12, 16]). We further provide com-

Partial Textured Mesh Paint3D TexGen Ours

Figure 6. Qualitative comparison of refinement stage across dif-
ferent methods. Automatic unwrapping produces fragmented and
noisy UV layouts on the face, which challenges UV-based meth-
ods like Paint3D and TexGen. In contrast, our method yields
smooth, geometry-consistent textures (detailed analysis is pro-
vided in Sec. 4.3; best viewed by zooming in).

parisons with proprietary methods such as Tripo, Rodin and
Meshy to further assess texturing quality in Supplemen-
tary. As demonstrated in Fig. 5, our model exhibits strong
parsing capability and high geometric adherence, achiev-
ing overall superior fidelity. Specifically, in the first row
(the mask example), under extreme lighting conditions, our
model is still able to reconstruct a plausible albedo and
produce textures that perfectly follow the geometry of the
teeth. In the second column, our model successfully in-
terprets the distinctive stripe-like ventilation pattern simi-
lar to window blinds and faithfully reproduces it, while all
other methods fail. Moreover, our rendering of the rust sur-
face appears significantly sharper and more natural. In the
last column, when dealing with compositions of multiple
small components, our model is also capable of accurate
parsing and generation. In contrast, other methods either
suffer from color bleeding, where white and green regions
are confused at geometric boundaries. Moreover, HY2.0
and HY2.1 adopt rule-based inpainting methods, causing
the occluded region (the leg) to retain noticeable artifacts,
whereas our LTM successfully recovers the missing parts.

We also compare our method quantitatively with several
metrics with MVD-based models: Hunyuan3D-Paint [51],
TexPainter [46], Paint3D [44] and Octree-based native 3D
model: TexGaussians [46]. For semantic similarity, we
use CLIP-based FID (FIDCLIP ) via Clean-FID [31], and
CLIP-MMD (CMMD) [17] for finer fidelity assessment.
CLIP-Score [52] measures alignment with input prompts,
while LPIPS [48] evaluates perceptual similarity to ground
truth. As shown in Tab. 1, our method outperforms the
current state-of-the-art across both benchmarks. More-
over, TexGaussians—a single-stage native 3D generation
model that uses rendering for supervision—performs poorly
across the benchmarks compared with our method, espe-
cially on generative meshes that demand higher general-
izability. These findings highlight two points. First, 3D-
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Figure 7. Qualitative results of stylized texturing. We evaluate our method with various input images (left-bottom side of each block), and
it can robustly generate high-fidelity stylized textures (Mesh generated by Hunyuan2.5 [19]).

Table 2. Refinement Stage Comparison, PSNRuv
∗ indicates the

PSNR calculated exclusively in the invisible regions, whereas
PSNRuv is computed over the entire set of valid UV regions.

Methods. PSNRuv↑ PSNRuv
∗↑ PSNR↑ SSIM↑ LPIPS↓

Paint3D-UVpaint 18.61 15.22 23.90 0.971 0.042
TexGEN 20.47 17.07 25.19 0.977 0.040

Ours 23.01 19.89 30.45 0.989 0.023

native supervision is necessary. Second, native 3D texture
approaches are currently better suited for refinement or in-
painting, rather than as standalone generative solutions be-
cause of the scarcity of data. Therefore, leveraging 2D dif-
fusion priors remains critical. Our method achieves highly
competitive results across diverse models, demonstrating its
robustness in fully texturing 3D shapes with varying topolo-
gies.

Since the metrics can only evaluate adherence to im-
age/text instructions, we further incorporate a user study
(“User-perf.”) to assess the perceptual quality of textures
generated on the generative meshes from Craftsman [22]
(details of user study are provided in the Supplementary).
As shown in the last column of Tab. 1, our method demon-
strates significant advantages in human evaluations, indicat-
ing that it substantially outperforms previous state-of-the-
art methods in texture quality.

4.3. Refinement Stage Comparison
In this section, we evaluate the effectiveness of the second
stage to support our main claim — that refinement should
be performed in 3D space rather than in UV space. Specif-
ically, we take the generated images from the first stage as
input and compare different approaches for texture refine-

ment. We primarily evaluate the completeness and consis-
tency of textures in self-occluded regions, which serve as a
key indicator of the refinement quality.

We benchmark our approach against SoTA UV-based
methods, including Paint3D [44] and TexGen [43]. As
shown in Fig. 6, our method consistently achieves better
results. In the first column, automatic UV unwrapping re-
sults in numerous small, fragmented regions on the face.
UV-based methods struggle to refine these areas, leading to
noticeable color inconsistencies and poor results. In con-
trast, our approach produces smooth and coherent textures.
Furthermore, our model better respects the semantic con-
sistency of texture sets. For example, in the first case, the
glasses are seamlessly completed, and in the second case,
both the ribs and the small emblem are accurately and co-
herently inpainted by our method.

We further perform a quantitative evaluation of our re-
finement stage on the artist-created mesh benchmark to rig-
orously assess the completeness and overall quality of the
textures generated by our pipeline. In addition to stan-
dard visual quality metrics such as PSNR, SSIM [38], and
LPIPS [48], we introduce an additional measure, PSNRuv,
which computes PSNR on the predicted surface using sam-
pled UV points. This metric directly captures the model’s
ability to recover textures in self-occluded regions, provid-
ing a more faithful assessment of refinement performance.
As shown in Tab. 2, the results demonstrate that our second
stage achieves the best performance in preserving visible re-
gions and completing occluded areas. These results suggest
that our approach provides a more effective paradigm com-
pared to UV-space operations or methods that treat texture
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Figure 8. Visualization of the effectiveness of Texture Func-
tion Supervision (TFS). Under identical training iterations, models
trained with TFS yield significantly higher-quality and completed
textures compared to those supervised solely on surface signals
(best viewed by zooming in).

Table 3. Ablation studies of drop training strategy in MV texture
generation.

Methods. MV Texture Generation

CMMD↓ FIDCLIP↓ CLIPscore↑ LPIPS↓ Mem. Cost↓ Speed↓

w/o DT 0.912 17.49 0.839 0.087 69.2GB 38.76s/it
w/ DT 0.826 16.03 0.844 0.090 53.6GB 21.50s/it

purely as a 2D image. This is because texture appearance is
often closely tied to the underlying geometry, and operating
in a 3D functional space allows our method to better incor-
porate geometric structure during refinement. Overall, the
findings further support our claim that operating texture in
3D functional space s more suitable for representing texture
compared to UV space.

4.4. Stylized Texturing
In this section, we demonstrate that our method can be ap-
plied to stylized texturing for 3D assets. Stylized texturing
refers to the process of generating texture maps that not only
align with the geometry of the 3D object but also reflect the
visual style of a given reference image—such as oil paint-
ing, metallic finish, or cartoon shading. As illustrated in
Fig. 7, our approach enables the creation of realistic and co-
herent textures while faithfully adapting to the appearance
characteristics of different style exemplars.

4.5. Ablation Studies
In this section, we systematically evaluate all our proposed
key components, including a comparison of the effective-
ness of the patch dropout strategy (Sec. 4.5.1) and an analy-
sis of the impact of texture function supervision (Sec. 4.5.2).
Due to limited space, in addition to these two ablations
that support our core contributions, we further provide ad-
ditional experiments verifying the drop training strategy in
normal estimation, as well as generalizability studies of our
LTM, in the Supplementary. It is important to note that, due
to limitations in computational resources, certain ablation
experiments were performed using fewer training iterations
than the full model.

Table 4. Ablation studies on Texture function. TF supervision can
provide complete training for LTM.

Methods. PSNRuv↑ PSNR↑

w/o Texture Function Supervision 20.31 25.81
w Texture Function Supervision 20.99 27.01

4.5.1. Drop Training Strategy
In this section, we evaluate our proposed drop training strat-
egy. We adopt the Artist-Created Mesh comparison setting
described in Sec. 4.2. As shown in Tab. 3, our experiments
demonstrate that using dropout during training achieves
comparable performance in texture generation while sig-
nificantly accelerating training. Specifically, dropping 50%
of tokens in the multi-view texture generation task reduces
memory usage by 22.5% and speeds up training by ap-
proximately 44.5% (evaluated on A800 with batch size 4).
These results indicate that our drop training strategy serves
as a useful plug-and-play approach for fine-tuning diffusion
models.

4.5.2. Texture Functions Supervision
In this section, we evaluate the effectiveness of using tex-
ture functions (TFs) as supervision within our LTM frame-
work. A straightforward alternative is to directly supervise
the LTM using rendered images or surface-sampled RGB
values, as adopted in prior works such as [18, 30, 42]. We
compare this baseline (surface supervision) with our pro-
posed TF supervision. It is worth noting that, unlike the
setup in Tab. 2, this evaluation textures the entire model
directly through LTM query points, without blending with
partial texture geometry. This allows for a comprehensive
assessment of the underlying representation’s effectiveness.

As shown in Tab. 4 and Fig. 8, supervising with texture
functions consistently yields superior performance, achiev-
ing the highest PSNR, which reflects improved fidelity and
perceptual quality. In particular, the highest PSNRuv scores
indicate a significant enhancement in texture completeness.
These results demonstrate the effectiveness of our proposed
TFs, which provide complete supervision for LTM.

5. Conclusion

We introduced UniTEX, a two-stage framework for high-
fidelity 3D texture generation. By integrating a fine-tuned
FLUX model with our drop-training strategy, and coupling
the Large Texturing Model (LTM) with Texture Function
supervision, UniTEX not only bypasses UV unwrapping
and produces complete 3D textures, but also achieves high-
fidelity appearance. Extensive experiments on both artist-
created and generative 3D model benchmarks demonstrate
that UniTEX delivers superior geometric consistency, per-
ceptual quality, and scalability compared to existing textur-
ing methods.
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