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Figure 1: Neural 3D Mesh Texturing spans diverse settings, with works addressing different aspects of surface appearance genera-
tion and control. For instance, (a) Texture Alignment, learning class-consistent UV mappings [CYF22]; (b) Texturing Humans and Gar-
ments [ZWC∗24], also demonstrating texture synthesis from an input image; (c) Texture Variation and Transfer [MEM24], also illustrating
texturing from an input textured mesh; (d) PBR Material Generation [XLH∗25], also showcasing texturing from a text prompt; and (e) Scene-
level Texturing [WLX∗24]. Figure adapted from [CYF22, ZWC∗24, MEM24, XLH∗25, WLX∗24].

Abstract
Texturing 3D meshes plays a vital role in determining the visual realism of digital objects and scenes. Although recent generative
3D approaches based on Neural Radiance Fields and Gaussian Splatting can produce textured assets directly, polygonal meshes
remain the core representation across modeling, animation, visual effects, and gaming pipelines. Neural 3D mesh texturing
therefore continues to be an essential and active area of research. In this survey, we present a comprehensive review of recent
advances in neural 3D mesh texturing, covering methods for texture synthesis, transfer, and completion. We first summarize key
foundations in mesh geometry, texture mapping, differentiable rendering, and neural generative models, and then organize the
literature into a unified taxonomy spanning early GAN-based methods to modern diffusion-based pipelines. We further analyze
common architectures and supervision strategies, review datasets and evaluation protocols, and discuss emerging applications,
practical/commercial systems, and open challenges. Together, these insights provide a structured perspective on the current
landscape and help guide future developments in learning-based 3D mesh texturing.
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1. Introduction

Texturing 3D meshes has long been a central task in computer
graphics and digital content creation, providing the visual rich-
ness that transforms geometric models into realistic and stylis-
tically expressive assets [Hec86, DG01]. In traditional pipelines,
this process typically relies on manual UV unwrapping together
with artist-driven material setup and texture authoring [SPR06,
LPRM02, SLMB05]. These steps usually require artistic skill and
extensive labor. While procedural and image/example-based textur-
ing techniques have eased some of this burden [PCOS10, WD97,
Tur01, WLKT09], they remain largely constrained by handcrafted
priors and limited semantic understanding, making it difficult to
synthesize complex object appearances across diverse categories.

Recent advances in neural visual processing have shown
great promise and significantly reshaped this landscape (Fig. 1).
By leveraging deep learning, differentiable rendering [RRN∗20,
JSL∗19], and large-scale image generative models [RBL∗22], re-
cent systems can automatically generate, complete, or refine tex-
tures for 3D meshes [CSL∗23, PWMAZ24]. Instead of relying
solely on manual texture authoring, these methods combine geo-
metric reasoning with learned visual priors to guide texture syn-
thesis from text, images, or sparse observations. This has opened a
new paradigm for 3D asset creation, enabling meshes to be textured
with greater realism, consistency, and flexibility while substantially
reducing manual effort.

An early line of neural texturing methods relied on adver-
sarial and feed-forward generation, learning to synthesize tex-
tures from weak 2D supervision through differentiable render-
ing [YDPT21, STM∗22, BTD23]. These works demonstrated that
neural networks could directly generate plausible mesh textures,
but were often limited in semantic control, generalization, and di-
versity. Subsequent approaches shifted toward optimization-based
pipelines guided by pretrained vision-language models such as
CLIP [MBOL∗22, MZS∗23, CCL∗22, R∗21], showing that large-
scale 2D priors can effectively steer texture synthesis in 3D.
Later, diffusion-based optimization methods [CCJJ23, YHK∗24,
PJBM23] further improved fidelity and diversity through Score
Distillation Sampling (SDS) [PJBM23] and related guidance
schemes [WLW∗23]. More recently, iterative and feed-forward
diffusion pipelines [CSL∗23, RMA∗23, TZF∗24] have enabled
faster synthesis of high-resolution textures with stronger multi-
view coherence. Complementary advances have also targeted hu-
man avatar texturing [NKML25, LZT∗24], physically based mate-
rial generation [HWLW25, CCL∗22], and local or procedural con-
trol [DLAH24], further expanding the automation and editability
of neural mesh texturing.

Despite these breakthroughs, challenges remain. Neural textur-
ing still struggles with efficiency, multi-view consistency, and phys-
ical realism under varying illumination. Moreover, the scarcity of
high-quality textured datasets and standardized evaluation mecha-
nisms complicates benchmarking and comparison across methods.
As the field moves toward prompt-driven 3D content generation
and broader adoption of neural methods for content creation and
manipulation, understanding the assumptions, algorithmic setups,
the network architectures underlying these methods, as well as the
trade-offs among them, becomes increasingly important.

To the best of our knowledge, while several surveys discuss
texture synthesis and mapping, none focus exclusively on neu-
ral 3D mesh texturing as we do. In 2D, surveys of exemplar-
and patch-based texture synthesis focus on image domains rather
than 3D surfaces [BZ17, RDDM18]. In 3D, prior surveys have re-
viewed non-neural texture mapping and texturing topics includ-
ing parameterization and mapping [Hec86, SPR06], texture map-
ping from photographs [WD97], example-based texture synthe-
sis on surfaces [Tur01], and 3D texturing more broadly [DG01].
Later surveys consolidated example-based and volumetric tex-
ture synthesis, but they do not cover deep-learning-based tech-
niques [WLKT09, PCOS10]. Relevant recent surveys on neural
generation typically address broader themes, such as text-guided
3D editing [LLZ∗24], neural stylization [CSS∗25], or text-to-3D
generation [LZC∗23].

In this survey, we review recent advances in neural 3D mesh
texturing, focusing on neural methods that operate directly on
3D meshes. For the purposes of this survey, we view 3D mesh
texturing as involving two tightly coupled subproblems: (i) sur-
face parameterization, which defines a 2D signal domain on the
mesh surface (e.g., UV charts and seams) where appearance can
be stored and sampled, and (ii) texture synthesis, which gener-
ates the actual appearance representation, such as RGB textures,
material maps, or learned features, either in that domain or in
view space before baking the result back onto the mesh. Given the
breadth of mesh parameterization research, this survey focuses pri-
marily on neural texture synthesis and discusses parameterization
only where it directly affects texture representation and learning;
we refer readers to dedicated surveys for a more comprehensive
overview [SPR06, HPS08, FH05].

We organize the literature primarily by recurring methodological
families, while also reflecting the field’s evolution from early foun-
dational neural methods—including GAN-based and weakly super-
vised pipelines—to optimization-based approaches, such as vision–
language-guided and diffusion-guided optimization, and, more re-
cently, accelerated diffusion-based methods that synthesize tex-
tures through iterative, synchronized multi-view, or feed-forward
generation. We also discuss specialized domains such as 3D hu-
man texturing and commercial systems, along with datasets and
evaluation metrics, highlighting gaps and open challenges in the
current research landscape. Ultimately, this survey aims to provide
a comprehensive perspective on how neural models are transform-
ing 3D texture generation by combining artistic creativity, physical
realism, and scalable automation.

In the following, we first introduce key preliminaries in Sec. 2,
followed by a discussion of guidance signals used in neural mesh
texturing in Sec. 3. Sec. 4 surveys texturing methods, including
foundational neural pipelines, optimization-based methods, and ac-
celerated diffusion-based approaches, as well as 3D human textur-
ing and commercial systems. We then review datasets and evalu-
ation metrics in Sec. 5, summarize applications in Sec. 6, discuss
limitations in Sec. 7, and conclude with future work in Sec. 8.

2. Neural Texturing Overview and Background

This section outlines the background required to understand and
compare methods for neural 3D mesh texturing. We review the fun-
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Figure 2: A 3D mesh is defined by vertices (points), edges (line
segments), and faces (surface elements, often triangles or quads),
which combine into surface patches that approximate the object’s
geometry. Figure reproduced from [Lob09].

Figure 3: 3D shape representations. Voxels discretize space, point
clouds sample points, meshes encode surface connectivity, and
SDFs represent shapes implicitly via a continuous signed distance
function. Figure reproduced from [AFL23].

damentals of 3D mesh representation in Sec. 2.1, introduce surface
parameterization as a bridge from 3D surfaces to 2D texture do-
mains in Sec. 2.2, summarize rendering and differentiable render-
ing in Sec. 2.3, discuss physically based rendering (PBR) and PBR
materials in Sec. 2.4, and outline key learning paradigms relevant
to neural mesh texturing—neural fields [XTS∗22], vision–language
models [R∗21, LLXH22], VAEs [KW19], GANs [GPM∗14], and
diffusion models [HJA20]—in Sec. 2.5. Together, these topics pro-
vide the foundation for the survey that follows.

2.1. Why 3D Meshes?

Triangle meshes are the dominant explicit representation for sur-
faces in computer graphics and vision [BKP∗10,AHH∗18,DSS∗23,
KMJ∗19]. A mesh encodes geometry as a finite set of vertex po-
sitions together with a connectivity structure of edges and faces,
which defines adjacency relations and surface topology (Fig. 2). In
practice, triangle meshes support rich per-primitive attributes such
as normals, colors, and material identifiers, making them a natu-
ral carrier for appearance information [AHH∗18]. From a texturing
standpoint, this explicit representation is crucial: appearance chan-
nels can be deterministically associated with well-defined surface
elements, and mesh connectivity supports the consistent propaga-
tion of these signals across the surface [BKP∗10].

Contrasting meshes with alternative shape encodings (Fig. 3)
helps explain why they are the primary surface representation con-
sidered in this survey [BKP∗10]. Point-based and surfel models

Figure 4: Mesh parameterization maps a 3D surface to a 2D do-
main (UV space) by partitioning it into charts and flattening each
into a planar region. Example meshes (left) and UV layouts (right)
show varying chart counts. Figure adapted from [WWS∗25].

capture geometry without explicit connectivity and are attractive
for point- or splat-based rendering, but they do not provide a stan-
dard 2D surface parameterization for texture mapping [PZVBG00,
RL00]. Volumetric grids—dense or sparse—have been widely used
for image-to-shape prediction and 3D reconstruction, but become
memory-bound at high resolutions and typically require isosur-
face extraction to yield deployable surfaces [CXG∗16,LC87]. Con-
tinuous implicit fields represent shapes as decision boundaries or
signed-distance zero sets [MON∗19,PFS∗19], while radiance fields
directly model view-dependent appearance in 3D space [MST∗20].
Although these formulations excel at reconstruction and novel-
view synthesis, their outputs are often converted to triangle meshes
(e.g., via marching cubes [LC87]) to interoperate with texture-map-
based tools and rendering engines.

2.2. Mesh Parameterization

Mesh parameterization assigns each point on a surface a coordinate
in a two-dimensional domain, defining a mapping from 3D surface
space to 2D [SPR06] (Fig. 4). In practice, because general surfaces
typically cannot be flattened into a single planar domain without in-
troducing cuts and/or distortion, a triangle mesh is partitioned into
a set of charts—connected surface patches—each mapped to a pla-
nar region; the collection of these charts, packed into one or more
2D texture images, forms an atlas. The resulting per-vertex UV co-
ordinates define the texture parameterization and are interpolated
per fragment during rendering. Charts meet along seams where the
UV mapping is discontinuous. Parameterization also enables raster
textures to be sampled and filtered during rendering. To improve
filtering across scales, textures are typically stored in a mipmap hi-
erarchy, which precomputes progressively downsampled versions
of the image to reduce aliasing during minification [Wil83].

From a texturing standpoint, parameterization decouples geom-
etry from appearance. Appearance attributes—such as albedo, nor-
mal, and roughness—can be stored in image space at resolutions
largely independent of mesh tessellation and sampled consistently
during rendering [YKSH19]. Once parameterized, texture resolu-
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tion can be increased (e.g., by using higher-resolution UV images)
without altering the underlying geometry, allowing appearance fi-
delity to scale with available storage and bandwidth budgets.

While traditional pipelines represent appearance as one or more
raster texture images in UV space (e.g., albedo/normal/roughness
maps), some neural methods replace or augment these images with
learned representations. A representative example is neural tex-
tures—high-dimensional feature maps stored on a mesh (often still
in UV space) and optimized jointly with a neural renderer, en-
abling the renderer to decode view-dependent appearance from
learned features rather than directly from RGB texels [TZN19].
Other works represent texture implicitly as a continuous function
over surface coordinates or 3D points (Sec. 2.5.1), but parameter-
ization (UVs, seams, and chart layout) remains central whenever
supervision or outputs are baked back into a 2D atlas.

Several alternatives to UV-based parameterization exist. Per-face
texturing (e.g., Ptex [BL08]) stores signals on individual faces with-
out requiring a global UV layout, reducing seam management and
atlas packing overhead, but it can introduce discontinuities when
filtering across face boundaries. Per-vertex colors are simple and
compact, but the achievable detail is constrained by mesh resolution
(vertex density) and connectivity (triangle distribution), and inter-
polation across faces can blur high-frequency signals [AHH∗18].
Volumetric or procedural textures avoid UV maps entirely, but
they introduce challenges in authoring, editing, and manual control.
Consequently, in practice, UV-based parameterization remains the
most portable representation across offline and real-time rendering
pipelines and continues to serve as the standard substrate for cur-
rent texture libraries and authoring workflows [YKSH19].

Parameterization itself is also an active research problem that
can materially affect downstream texturing quality, since distor-
tion, seam placement, and chart fragmentation can influence both
downstream learning behavior and the visibility of seams after syn-
thesis. Classical methods target conformality and distortion control
(e.g., least-squares conformal maps [LPRM02], angle-based flat-
tening [SLMB05], and boundary-first parameterization [SC17]),
often coupled with seam optimization to reduce fold-overs and atlas
fragmentation [LLC∗18]. More recently, learned and task-adaptive
approaches have emerged that automate or adapt parameterization
toward data-driven objectives [LL22,LAKH23,WWS∗25]: Flatten
Anything proposes an unsupervised neural architecture that learns
free-boundary surface parameterizations and can adaptively infer
reasonable cuts and UV boundaries even from unstructured sur-
face samples [ZHWH24], while Auto-Regressive Surface Cutting
(SeamGPT) formulates seam generation as next-token prediction
to produce semantically cleaner, less fragmented seam layouts for
UV unwrapping [LCL∗25]. Such methods complement robust clas-
sical solvers by reducing manual charting effort and by producing
atlases better matched to modern texturing pipelines.

For these reasons, this survey considers mesh parameterization
a foundational step for neural 3D mesh texturing: it decouples ge-
ometry from appearance by defining a 2D signal domain in which
textures are stored (as images or learned features), optimized or
regularized during learning, and consumed by renderers [YKSH19,
SSGH01, Wil83]. Given the breadth of mesh parameterization re-
search, we limit our discussion to aspects most relevant to texture

Figure 5: Differentiable rendering enables backpropagation of
image-space losses through the rendering pipeline (occlusion,
shading, light transport, and projection) to optimize scene param-
eters (geometry, materials, lighting, and viewpoint). Figure repro-
duced from [BN25].

representation and learning, and refer readers to dedicated surveys
for a comprehensive overview [SPR06, HPS08, FH05].

2.3. Differentiable Mesh Rendering

Rendering converts a 3D scene into a 2D image by simulating what
a camera would observe. Given a triangle mesh with associated ma-
terials and lighting, a forward rendering pipeline determines which
surface points are visible and computes their appearance in the
image. In rasterization-based rendering, mesh vertices are trans-
formed from object space to camera space, projected onto the im-
age plane, assembled into screen-space primitives, and resolved for
visibility using a depth buffer [AHH∗18]. In ray- or path-traced ren-
dering, rays are cast through the scene to determine visible surface
points and their light transport interactions [PJH23]. The visible
points are then shaded by evaluating a material model under in-
cident illumination [Kaj86], while textures are sampled—with fil-
tering to reduce aliasing—to provide spatially varying parameters
such as color or roughness [PJH23]. The resulting pixel values are
finally composited with a background (solid color, image, or envi-
ronment map) and written to an output image or framebuffer.

Differentiable rendering makes parts of the rendering pro-
cess amenable to gradient-based optimization, enabling end-to-
end learning of geometry, materials, and textures from image su-
pervision (Fig. 5). A central challenge is the discontinuities in-
herent to visibility and rasterization. Classical approaches ad-
dress this by introducing differentiable approximations or surro-
gate gradients, as in OpenDR [LB14], or by reformulating ras-
terization to expose stable derivatives, as in Neural Mesh Ren-
derer [KUH18], Soft Rasterizer [LLCL19], and analytical treat-
ments such as DIB-R [CGL∗19]. In path-traced settings, differ-
entiability is achieved via Monte Carlo estimators that handle
visibility boundaries and other discontinuities [LADL18, LHJ19,
ZMY∗20, PJH23]. These advances are embodied in modern re-
search renderers and toolchains: Mitsuba 2/3 [NDVZJ19] with its
Dr.Jit compiler [JSRV22] supports forward- and reverse-mode dif-
ferentiation for full light transport, while rasterization-based back
ends such as nvdiffrast [LKA∗20] and deep-learning libraries like
PyTorch3D [RRN∗20] and Kaolin [JSL∗19] provide efficient GPU
pipelines for differentiable rendering.
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Figure 6: Representative PBR materials rendered under identical
geometry and lighting. Varying material map parameters (e.g., base
color/albedo, roughness, metallic, normals, and emissive terms)
yield distinct, relightable appearances such as leather, cloth, ce-
ramic, wood, marble, microfiber, and chromium, illustrating how
PBR materials extend beyond a single RGB texture. Figure repro-
duced from [wol16].

2.4. Physically Based Rendering and PBR Material Maps

Physically based rendering (PBR) aims to model light–material in-
teraction using physically grounded scattering and transport prin-
ciples, so that appearance remains predictable under changing il-
lumination and viewpoints. In the rendering equation formula-
tion [Kaj86], outgoing radiance is determined by emitted radi-
ance together with incident radiance modulated by the surface
scattering function. For opaque surfaces, this scattering is typ-
ically modeled by a bidirectional reflectance distribution func-
tion (BRDF), and more generally by a BSDF when transmis-
sion is included [PJH23, Vea97]. The BRDF describes how inci-
dent light from one direction is reflected into another at a sur-
face point [NRH∗77]. In modern PBR systems, this reflectance
is commonly modeled using energy-conserving microfacet mod-
els [CT81,Bur12,PJH23]. This perspective distinguishes geometry
(shape and surface normals) from material parameters that govern
diffuse and specular response, Fresnel effects [Sch94, BW99], and
the distribution of micro-surface orientations.

A single RGB texture is often treated as a “color” signal (e.g.,
diffuse/albedo) and may implicitly bake lighting, specular high-
lights, or other view-dependent effects, limiting relightability. In
contrast, a PBR material is typically represented by a set of texture
maps in UV space that parameterize a shading model. Modern real-
time pipelines commonly adopt a metallic–roughness parameteri-
zation (as in Khronos glTF), where baseColor serves as diffuse
albedo for dielectrics (non-metals) and specular reflectance color
for conductors (metals), while metallic and roughness con-
trol reflectance behavior and highlight sharpness [Khrb,GA,Khra].
Additional maps such as normal, ambient occlusion, emissive, and,
in broader PBR workflows, height/displacement can further enrich
appearance; optional extensions such as clearcoat, sheen, transmis-
sion, and volume provide additional control over layered and trans-
missive effects [GA, Khrb] (Fig. 6). We use PBR material genera-

tion to refer to methods that explicitly synthesize such multi-map
material representations rather than only a single RGB texture.

Generating high-quality PBR materials is harder than predicting
a single RGB texture because multiple channels must be both in-
dividually plausible and mutually consistent. First, material maps
are tightly coupled: normal detail should be consistent with rough-
ness and specular response, and metallic regions should exhibit
physically consistent baseColor/reflectance behavior [Bur12, GA].
Second, disentangling intrinsic material from illumination is ill-
posed when supervision is limited to rendered RGB images, of-
ten causing “baked-in” shading artifacts that break under relight-
ing. Third, real materials can be spatially varying and layered
(paint/clearcoat, fabrics, skin/hair), and their appearance depends
on the target shader and renderer conventions (color space, parame-
ter ranges, map packing), making cross-system generalization non-
trivial [GA, Khrb]. Finally, large-scale paired datasets of geome-
try with calibrated, multi-map ground-truth materials remain com-
paratively scarce relative to RGB imagery, complicating evaluation
and often encouraging simplified supervision or incomplete mate-
rial factorization [DAD∗18]. These issues motivate current research
directions that incorporate geometry cues, multi-view consistency,
priors from image generative models, and renderer-aware training
to better support relightable, editable PBR materials.

2.5. Neural Network Paradigms

Many neural mesh texturing pipelines can be understood through
a small set of recurring paradigms for representing and generat-
ing surface appearance. We briefly introduce these paradigms—
predicting textures or material maps in UV space, modeling ap-
pearance as a continuous function over the surface, and generating
view-space images or latents that are later baked onto the mesh—as
background for the methods surveyed in later sections.

2.5.1. Neural Fields

Neural fields, also referred to as coordinate-based neural represen-
tations, model signals as continuous functions of space, optionally
extended with direction, time, or other conditioning variables, and
parameterized by a neural network. Formally, a neural field is a
function

fθ : Rn → Rm

that maps a coordinate—such as a 3D point x ∈ R3 or a tuple
(x,d) with d ∈ S2 (i.e., a unit vector in R3) denoting a view-
ing direction—to a value representing signed distance, occupancy,
color, or material parameters [XTS∗22]. Unlike classical, explic-
itly sampled representations (e.g., images, voxel grids, or vertex-
attached attributes on meshes), a neural field encodes content in
network weights and can be queried at arbitrary spatial resolution.
This formulation yields a compact, differentiable, and resolution-
independent representation well suited to inverse problems from
images [MON∗19, PFS∗19]. Neural fields can be optimized end-
to-end from image supervision via differentiable rendering. Conse-
quently, Neural Radiance Fields (NeRFs) instantiate this idea for
view synthesis by learning a mapping

fθ(x,d) 7→ (σ,c),
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Figure 7: An overview of Neural Radiance Fields (NeRFs). Images
are synthesized by sampling 5D coordinates—3D position (x,y,z)
and viewing direction (θ,φ)—along camera rays (a) and feeding
them to a neural network that outputs color (R,G,B) and volume
density σ (b). Figure adapted from [MST∗20].

Figure 8: CLIP jointly trains image and text encoders using a
contrastive loss to match paired images and texts within a batch.
Figure adapted from [R∗21].

where σ denotes volume density and c the view-dependent color
(Fig. 7). Images are rendered via volumetric integration along cam-
era rays [MST∗20].

Despite their strengths, neural fields present several challenges
for texturing. Training and optimization can remain computation-
ally expensive, and the learned signal may entangle lighting and
material properties unless these factors are explicitly modeled,
causing baked textures to capture specular highlights or shadows
as albedo. In practice, neural fields and mesh-based textures are of-
ten complementary: fields excel at recovering and regularizing fine-
scale appearance from images, while meshes and UV maps provide
an editable and interoperable substrate for downstream use.

2.5.2. Vision Language Models

Vision–language models (VLMs) are neural networks trained on
paired image–text data to align visual content with natural lan-
guage. In contrast to vision-only encoders (which map images
to features) or language-only models (which operate purely over
text), VLMs learn shared cross-modal representations that sup-
port semantic alignment between modalities. In neural 3D mesh

Figure 9: An overview of variational autoencoders (VAEs). A
probabilistic encoder qφ(z | x) maps an input x to a Gaussian latent
distribution parameterized by (µ,σ); a latent sample z = µ+σ⊙ ϵ
with ϵ∼N (0,I) is then decoded by pθ(x | z) to reconstruct x′ ≈ x.
The model is trained by maximizing the evidence lower bound
(ELBO) LELBO (see Sec. 2.5.3). Figure reproduced from [Wen18].

texturing, VLMs are especially valuable because they provide (i)
open-vocabulary guidance for text-driven appearance synthesis, (ii)
multi-view scoring of renders that links textual intent to visual fi-
delity, and (iii) region- or phrase-level grounding to target specific
mesh parts.

A foundational instance is CLIP [R∗21], which learns dual en-
coders for images and text using a symmetric contrastive objective
over large-scale web image–text pairs (Fig. 8). By maximizing co-
sine similarity for matched image–text embeddings and minimizing
it for mismatched pairs, CLIP induces a shared embedding space
that supports robust zero-shot recognition and has become a widely
used source of supervision for text-driven stylization and texture
transfer [MBOL∗22, CCL∗22, KXBP22]. GLIP [LZZ∗22] extends
this cross-modal alignment toward object detection and phrase
grounding, producing region-aware, language-conditioned visual
representations. BLIP [LLXH22] further introduces a multimodal
encoder–decoder framework that supports both understanding-
oriented objectives (e.g., image–text matching) and generation
tasks such as captioning and VQA.

2.5.3. Variational Autoencoders

Variational autoencoders (VAEs) [KW14] are latent-variable gen-
erative models that pair an encoder qφ(z | x) with a decoder
pθ(x | z) and are trained by maximizing the evidence lower bound
(ELBO) [JGJS99,NH98,BKM17] (Fig. 9). For a single observation
x ∈ X and a latent code z ∈ Rd with prior p(z), the ELBO is

LELBO(θ,φ;x) = Eqφ(z|x)
[

log pθ(x | z)
]
−KL

(
qφ(z | x)∥ p(z)

)
,

where KL(·) denotes the Kullback–Leibler divergence [KL51]. Af-
ter training, generation proceeds by ancestral sampling: one first
draws z ∼ p(z) (e.g., N (0,I)) and then samples x ∼ pθ(x | z).

VAEs offer a continuous latent space that supports interpola-
tion, sampling, and, in conditional variants, controllable generation
and editing. However, standard VAEs often produce overly smooth
samples and can suffer from posterior collapse. Although more ex-
pressive priors and approximate posteriors [RM15, KSJ∗16] can
improve results, VAEs generally fall short of GANs [GPM∗14] and
diffusion models [RBL∗22] in perceptual fidelity.
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Figure 10: An overview of generative adversarial networks
(GANs). A generator G maps noise samples (latent codes) to syn-
thetic images, while a discriminator D learns to distinguish real
images from generated ones; both are trained adversarially using
LGAN (see Sec. 2.5.4). Figure reproduced from [CCC∗20].

2.5.4. Generative Adversarial Networks

Generative adversarial networks (GANs) formulate generative
modeling as a two-player game between a generator G and a dis-
criminator D [GPM∗14]. The classical minimax objective

LGAN =min
G

max
D

[
Ex∼pdata [logD(x)]+Ez∼p(z)[log(1−D(G(z)))]

]
trains D to distinguish real samples x from synthesized ones G(z),
while G learns to fool D (Fig. 10). Under an optimal discrimina-
tor, this objective can be shown to correspond to minimizing the
Jensen–Shannon divergence between the data and model distribu-
tions, which motivated later variants based on alternative diver-
gence measures.

In fact, numerous extensions have strengthened the original
GAN formulation, improving training stability, sample fidelity, and
controllability. For instance, Wasserstein GANs [ACB17,GAA∗17]
reformulate adversarial training using the Wasserstein-1 (Earth-
Mover) distance, yielding smoother gradients and more stable op-
timization. Complementarily, PatchGAN discriminators classify
local image patches rather than entire images, enabling sharper
detail in conditional settings such as image-to-image transla-
tion [IZZE17].

However, common challenges in training GANs include insta-
bility (e.g., oscillations or failure to converge), mode collapse
(loss of diversity), and sensitivity to the choice of objective and
regularization. While Wasserstein objectives and gradient penal-
ties help mitigate these issues, they do not eliminate them en-
tirely [ACB17, GAA∗17]. Nonetheless, GANs remain attractive
for high-fidelity, sharp synthesis and for learning class- or image-
conditional mappings with controllable outputs.

2.5.5. Diffusion Models

Diffusion models learn to reverse a process that gradually perturbs
data into Gaussian noise [SWMG15, HJA20]. The forward process
is defined by a variance schedule {βt}T

t=1:

q(xt | xt−1) =N
(√

1−βt xt−1, βtI
)
,

ᾱt = ∏
t
s=1(1−βs), xt =

√
ᾱt x0 +

√
1− ᾱt ϵ, ϵ∼N (0,I).

Figure 11: An overview of latent diffusion models (LDMs). An
autoencoder (E ,D) encodes images x into latents z (and decodes
back to x̃), and a denoising network ϵθ iteratively predicts and re-
moves noise; conditioning (e.g., text/images/semantic maps) is in-
jected via cross-attention. Figure reproduced from [RBL∗22].

A neural network ϵθ is then trained to predict the injected noise
from (xt , t) [HJA20]. In the commonly used simplified objective,
this becomes

LDDPM = Ex0,t,ϵ

[∥∥ϵ− ϵθ(xt , t,c)
∥∥2

2

]
.

Conditioning variables c (e.g., text features) can be incorporated in
several ways, including guidance at sampling time and conditioning
mechanisms within the denoiser such as cross-attention.

Direct diffusion in pixel space is computationally expensive.
Latent diffusion models mitigate this by learning an autoencoder
(E ,D) and performing the diffusion process in a lower-dimensional
latent space z = E(x), with conditioning (e.g., text) injected via
cross-attention inside the denoiser [RBL∗22] (Fig. 11). Beyond text
prompts, additional conditioning modules have been introduced to
provide finer control without retraining the full backbone. Control-
Net [ZRA23] adds condition-specific, zero-initialized branches to
incorporate structural signals such as edges, depth, or human pose
while preserving the pretrained model. IP-Adapter [YZL∗23] in-
troduces a lightweight image-prompt pathway through decoupled
cross-attention, enabling style and identity control alongside text
conditioning.

Diffusion has been applied to a wide range of modalities, includ-
ing images [RBL∗22], video [HSG∗22], audio [LCY∗23], and 3D
content [LGT∗23, CCJJ23], as well as mesh-based textures, as dis-
cussed in subsequent sections. Collectively, the core formulation,
latent variants, and conditioning mechanisms have evolved into
a flexible toolkit that has broadened the practicality of diffusion-
based generation.

3. Guidance for 3D Mesh Texturing

This section discusses the types of guidance used in neural 3D
mesh texturing. Here, guidance refers to the signals or conditions
that specify aspects of the desired texture and steer the generative
model toward a target result. Broadly, we group guidance into two
categories: structural guidance, which constrains the spatial layout
or geometric placement of texture on the 3D surface, and stylistic
guidance, which specifies the desired appearance of the texture.
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Texture Image Textured View
from Depth

Textured View
from Edges

Input Mesh Mesh Depth Edge Map

Figure 12: Depth vs. edges for structural guidance. Depth maps
are typically smooth and provide coarse structural cues. In con-
trast, geometric edges derived from mesh attributes (e.g., nor-
mals, depth discontinuities, and connectivity) are more detailed and
aligned with mesh geometry, improving mesh–texture consistency.
Figure reproduced from [PWMAZ24].

3.1. Structural Guidance

Structural guidance provides geometric cues that inform the model
about where specific content should appear on the mesh. It does
not define the artistic style of those elements, but helps ensure
that generated textures remain consistent with the underlying ge-
ometry and part layout of the mesh. Because it is tied to the
3D surface, such guidance is often derived from the input mesh
or from mesh-aligned intermediate representations. Regardless of
model design or stylistic conditioning, many methods condition
the generation process on structural information to avoid textures
that conflict with geometry. Several forms of structural guidance
have been explored, including geometric edges derived from mesh
attributes (normals, depth, connectivity) [PWMAZ24] (Fig. 12),
depth maps [RMA∗23, CSL∗23], normal maps [YHK∗24], canon-
ical UV layouts of SMPL/SMPL-X human templates [LMR∗15,
PCG∗19,LZT∗24], and silhouettes [YDPT21]. More generally, any
representation that provides a correspondence between 3D surface
regions and 2D texture locations can serve as structural guidance.
The choice and integration of such cues usually depend on the task
and model design.

3.2. Stylistic Guidance

Stylistic guidance defines what the texture should look like—
its color palette, materials, patterns, or overall appearance—
independent of geometry. It specifies the desired appearance of the
texture and is typically provided through an external conditioning
signal, such as text, reference images, or exemplar textures. Texture
generation can also proceed without such input, i.e., uncondition-
ally, in which case the style of the output is drawn solely from the
learned training distribution. Conversely, when conditioning is pro-
vided, the model is guided to match the specified stylistic attributes.

Figure 13: Unconditional texture generation with Texturify. The
model learns a distribution of plausible textures conditioned on 3D
shape from real-image supervision, and infers diverse texture pro-
posals for a given input shape. Figure reproduced from [STM∗22].

3.2.1. Unconditional Texture Generation

Unconditional texture generation produces textures without explicit
stylistic guidance, instead sampling appearance from a learned dis-
tribution, typically from random noise or a latent code. In this
setting, the model may still be conditioned on the mesh or other
structural inputs, but it is not given user-specified appearance cues.
Without such high-level conditioning, specific attributes cannot be
directly controlled; however, varying the random seed or latent in-
put allows diverse sampling from the learned distribution, with lim-
ited control possible through latent-space manipulations, as in 2D
GANs [KLA19, KLA∗20] (Fig. 13).

The main advantage of unconditional generation is its simplicity
and ability to produce diverse textures without user input. How-
ever, the absence of explicit appearance control is a major limita-
tion, making it less practical when a specific target style is required.
On the positive side, unconditional generation is often relatively
straightforward to integrate, since randomness can be introduced
through latent or noise inputs without requiring additional condi-
tioning signals.

3.2.2. Conditional Texture Generation

Conditional texture generation provides explicit control over the
style or appearance of the output through additional input cues. The
model receives external conditioning signals that specify the de-
sired texture and uses them to guide generation. Stylistic guidance
can take various forms—such as text, reference images, exemplar
textures, or textured 3D assets. Conditioning greatly expands user
control and broadens the range of possible tasks (e.g., texture trans-
fer, domain-specific texturing, and style interpolation), but also in-
troduces challenges: the model must faithfully reproduce the spec-
ified style while maintaining coherence with the underlying mesh
structure. The choice of conditioning modality often influences the
model architecture, training strategy, and target applications.

Conditional texture generation is often evaluated along two di-
mensions: (i) the intrinsic quality and realism of the generated tex-
ture, and (ii) its faithfulness to the input guidance. High-quality tex-
tures that deviate from the prompt, or prompt-faithful results that
lack realism, are both inadequate; achieving both plausibility and
guidance adherence remains a central goal of conditional methods.
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Figure 14: Text-conditioned texture generation. Given untextured
meshes (left), Text2Tex synthesizes textures guided by text prompts
(right). Figure reproduced from [CSL∗23].

Text-based Generation. Using natural language as guidance is
one of the most popular and convenient ways to control 3D tex-
ture synthesis, owing to the accessibility of text as an interface. In
text-guided texturing, a user provides a description (prompt) of the
desired texture, and the model conditions generation on this input to
produce a semantically matching result (Fig. 14). Text is typically
incorporated via a pretrained encoder that converts the prompt into
a conditioning representation, which is then injected into the gener-
ation pipeline. Many systems use vision–language models such as
CLIP [R∗21] or dedicated text encoders like T5 [RSR∗20], which
are usually pretrained on large text or image–text datasets and may
either be used as is or fine-tuned for the task at hand.

Text guidance provides high-level, intuitive control, allowing
users to specify abstract concepts and attributes that are otherwise
difficult to quantify. Its drawback is ambiguity; text can be under-
specified or open to multiple interpretations. Diffusion-based meth-
ods can help mitigate this, as large text-to-image models like Stable
Diffusion [RBL∗22] are trained on vast datasets and can translate
rich textual cues into detailed imagery. Leveraging such models al-
lows text-guided 3D texturing to inherit this semantic knowledge.

Image-based Generation. Using an image example as guidance
provides a more concrete and precise specification of texture style.
Instead of describing the appearance in words, the user provides
one or more reference images, and the model generates a texture
that matches their visual characteristics. Such guidance can capture
details that are difficult to express textually, e.g., specific patterns,
artistic styles, or complex color gradients. In image-based texture
generation, the reference image is typically encoded into a condi-
tioning representation using a visual encoder [R∗21, SZ15], or in-
corporated through image-conditioning modules [YZL∗23], which
then guide texture generation toward the desired style/appearance.

The advantage of image guidance lies in its specificity, meaning
that it is generally less ambiguous than text. A reference image
can convey fine texture details (for instance, the floral pattern on a
dress or the wood grain of a chair) that would be tedious to describe
verbally, making this a highly practical form of guidance.

Textured 3D Shape-based Generation. A more structured form
of stylistic guidance uses a textured 3D shape, or a mesh-aligned
appearance representation, to guide the texturing of another mesh.
In this setting, appearance is specified directly in 3D or in an
aligned surface domain, rather than through a text prompt or

a single reference image. Such guidance is particularly useful
for tasks such as texture alignment and transfer across related
shapes [CYF22], as well as generating variations of an existing
textured asset and, in some cases, transferring learned appearance
statistics to new geometries [MEM24].

Overall, using textured 3D shapes as guidance is less common
than text or image inputs, mainly because such exemplars are rela-
tively scarce and often task-specific. When available, however, they
can provide detailed and geometrically aligned appearance infor-
mation. Future systems may combine multiple forms of guidance,
e.g., text prompts, reference images, and partial or complete 3D tex-
tures, to provide users with finer control over 3D texture creation.

4. Neural 3D Mesh Texturing

In this section, we review works on Neural 3D Mesh Texturing
and organize them according to recurring methodological families,
while also reflecting the field’s evolution over time. We begin with
foundational neural mesh texturing methods that laid the ground-
work for later approaches by using differentiable rendering, weak
2D supervision, and adversarial learning to generate textures from
limited 2D supervision. We then discuss optimization-based meth-
ods, which iteratively refine textures using pretrained priors such
as vision–language or diffusion models. Finally, we review accel-
erated diffusion-based methods, which can be further categorized
by inference-time strategy into iterative view-by-view pipelines,
synchronized multi-view approaches, and feed-forward methods.
This taxonomy reflects a trade-off space between quality, speed,
and controllability, and highlights the evolution from slower but
flexible optimization to more scalable generation while maintain-
ing consistency across the 3D surface. We provide a summary of
representative works in Neural 3D Mesh Texturing in Tab. 1.

4.1. Foundational Neural Mesh Texturing

Early works on neural 3D mesh texturing demonstrated that neural
networks can learn to synthesize realistic textures on 3D surfaces
or in surface-aligned representations from limited or indirect super-
vision. Many of these methods rely on differentiable rendering to
bridge the 2D–3D gap, often leveraging unpaired or weakly paired
2D images to learn how to assign realistic textures to 3D meshes.
Broadly, these approaches can be grouped into image-driven tex-
turing, texture super-resolution and completion, neural texture rep-
resentations in function space, and adversarial or GAN-based syn-
thesis pipelines.

Image-driven Texture Transfer and Reconstruction. Photo-
Shape [PRFS18] is an early large-scale effort in this direction, auto-
matically assigning photorealistic appearance to collections of un-
textured 3D shapes by mining product photographs and material
exemplars. Its system retrieves images and materials with appear-
ance similar to a target mesh and aligns them to the shape, enabling
large-scale creation of textured ShapeNet-style [CFG∗15] assets.
Around the same time, Kanazawa et al. [KTEM18] introduced a
category-specific mesh predictor that jointly infers 3D geometry
and a corresponding UV texture map from a single image via dif-
ferentiable rendering, without relying on ground-truth 3D super-
vision. The model deforms a fixed template mesh with a shared
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Figure 15: An overview of TextureFields. Given a 3D shape (and
optionally a reference image), the method learns a continuous tex-
ture field tθ mapping surface points p to colors c, producing a tex-
tured mesh. Figure reproduced from [OMN∗19].

UV atlas to match each target’s geometry while preserving con-
sistent UV coordinates. This canonical UV space gives texels a
more stable semantic correspondence across instances, helping dis-
entangle texture from shape and pose. As a result, the network can
learn category-level appearance priors efficiently, using the shared
template as a strong inductive bias for texture prediction. Build-
ing on this idea of category-level canonicalization, Henderson et
al. [HTL20] proposed one of the first fully generative models that
learns both shape and texture directly from collections of unpaired
2D images. Unlike Kanazawa et al. [KTEM18], they omit UV maps
entirely, representing texture as piecewise-constant per-face colors
on a fixed-topology mesh while predicting vertex positions for ge-
ometry. This yields class-consistent face correspondences that en-
able joint sampling of plausible geometry and appearance from the
image distribution, demonstrating that coherent textured shapes can
emerge from 2D supervision alone. These methods collectively es-
tablished that realistic texture generation can be achieved by learn-
ing to invert the rendering process using only 2D supervision.

Texture Super-Resolution and Completion. Another challenge
for early neural texturing pipelines was the limited resolution
of reconstructed textures. Richard et al. [RCO∗19] and Li et
al. [LTT∗19] addressed this problem through learned texture
upsampling and refinement networks. Their CNN-based models
fuse multi-view imagery and low-resolution atlases to synthesize
sharper, high-frequency texture details that conventional texture-
fusion pipelines often fail to recover. In parallel, Chibane and Pons-
Moll [CPM20] proposed to complete missing texture regions using
an implicit representation: their Implicit Feature Network (IF-Net)
predicts per-point texture values conditioned on partial scans, en-
abling plausible inpainting of unseen surfaces consistent with the
geometry. These works treat texture refinement as a learnable pro-
cess, moving beyond simple interpolation (e.g., view-dependent
texture sampling [DTM96]) or seam-hiding blends and global color
optimization [ZK14, WMG14, PGB03].

Neural Texture Representations in Function Space. Oechsle et
al. [OMN∗19] proposed Texture Fields to represent texture as
a continuous neural function that maps spatial queries to RGB
color (Fig. 15). This implicit formulation reduces dependence on

Figure 16: Training pipeline of Texturify. Given an untex-
tured input mesh, a surface-feature encoder and a StyleGAN2-
based [KLA∗20] generator predict a texture for the mesh. The tex-
tured mesh is then differentiably rendered, and the resulting images
are evaluated by two discriminators (a global discriminator DI and
a patch-based discriminator DP) against real images; the adversar-
ial loss trains all networks. Figure reproduced from [STM∗22].

fixed UV atlases and allows resolution-independent texture defini-
tion. Texture Fields can be trained jointly with shape representa-
tions and, in generative settings, combined with adversarial train-
ing [GPM∗14] to produce high-quality renderings. Recent succes-
sors have extended this idea toward neural material representations.
For example, TexGaussian [XLH∗25] proposed an octree-based
3D Gaussian representation for feed-forward PBR material gener-
ation, predicting albedo, roughness, and metallic parameters from
geometry-consistent 3D features.

Adversarial and GAN-based Texture Synthesis. Generative Ad-
versarial Networks (GANs) became a prominent direction in early
neural texturing pipelines. Huang et al. [HTD∗20] introduced an
adversarial optimization framework for RGB-D scans, refining
noisy vertex colors by enforcing photorealism through a learned
patch discriminator. By jointly optimizing texture and geometry
under differentiable rendering, they achieved sharper and more
consistent results than traditional photometric blending. Yu et
al. [YDPT21] learned texture generators for ShapeNet [CFG∗15]
object collections using only untextured meshes and unaligned in-
ternet photos, relying on a common UV layout per class and ad-
versarial 2D supervision. Their network learns to populate the UV
map such that renders of the textured meshes match real pho-
tographs, establishing an early class-level neural texture gener-
ation framework. 3DStyleNet [YGS∗21] disentangles geometry
and texture style in latent space, allowing independent control of
shape and appearance and enabling style transfer across objects.
SPSG [DST∗21] extends these ideas to full indoor RGB-D scenes
through a self-supervised approach that hallucinates missing ge-
ometry and surface color for large 3D scans, demonstrating neural
texturing at the scene level.

Direct Surface Texture Generation. Later works shifted toward
generating textures directly on mesh surfaces without relying on ex-
plicit UV alignment. Texturify [STM∗22] is a surface-based GAN
that predicts per-face colors directly on the mesh (Fig. 16). It lever-
ages a hierarchical 4-RoSy parameterization [HZY∗19] to define
orientation-consistent face convolutions, combining a mesh-face
encoder with a StyleGAN2-inspired [KLA∗20] decoder. Training
uses multi-view differentiable rendering from random cameras and
two discriminators: an image discriminator for overall realism and
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a patch-consistency discriminator to enforce cross-view consis-
tency. This framework avoids explicit UV atlases and the associ-
ated seam/distortion issues, learns geometry-aware textures from
unpaired 2D images and untextured meshes, and captures high-
frequency detail, with its effective resolution primarily limited by
the number of faces at the finest 4-RoSy level.

Mesh2Tex [BTD23] extends this line of work by replacing di-
rect per-face color prediction with a hybrid mesh–neural-field rep-
resentation: a face-convolution encoder–decoder produces coarse
per-face features, while a shared neural field maps these features
to RGB. This formulation enables high-resolution texture genera-
tion beyond coarse face-wise color prediction. Mesh2Tex also sup-
ports image-guided texturing through inference-time optimization,
aligning renders of the target mesh with a reference image in a per-
ceptual sense.

ShaDDR [CCZZ23] developed an example-based deep genera-
tive framework that, given a coarse voxel shape, detailizes geom-
etry and generates textures in a style learned from a small set of
textured exemplars. For texture synthesis, differentiable rendering
compares multi-view renders of the generated shape against exem-
plar texture images, while style is controlled through learned latent
codes. These methods mark a transition from 2D-conditioned tex-
turing toward more direct neural texture generation on 3D surfaces.

While these neural texturing approaches demonstrated that re-
alistic and controllable 3D texture generation is feasible, they
also faced important constraints. Their reliance on limited ob-
ject categories and small datasets restricted generalization (e.g.,
category-specific canonical UVs or class-specific shape collec-
tions) [KTEM18, YDPT21], and GAN-based objectives often suf-
fered from instability or limited diversity relative to later generative
models [LKM∗18]. Many architectures also required meshes with
specific structural or parameterization assumptions (e.g., 4-RoSy-
based surface representations or class-aligned UV layouts), limit-
ing applicability to arbitrary models [STM∗22, YDPT21]. Further-
more, text-based or open-vocabulary control was essentially ab-
sent in this era—capabilities that only emerged with subsequent
vision–language and diffusion frameworks [CCL∗22, RMA∗23,
CSL∗23]. Even methods that achieved high realism, such as Tex-
turify [STM∗22] and Mesh2Tex [BTD23], remained limited by the
fidelity/diversity trade-offs of pre-diffusion generative priors and
lacked the broader semantic control and robustness introduced by
these newer paradigms. Nonetheless, these pioneering works estab-
lished the foundations of modern neural texturing by demonstrat-
ing that neural networks, coupled with differentiable rendering, can
learn to synthesize textures directly on 3D meshes from weak 2D
supervision [KUH18, STM∗22, KTEM18].

4.2. Optimization-based Texturing

In optimization-based texturing, a mesh’s texture (and sometimes
geometry) is directly refined to satisfy objectives derived from pow-
erful pre-trained models, leveraging their prior knowledge to gen-
erate diverse, detailed textures, often without task-specific training.
Such methods offer several benefits, including improved texture
consistency: optimizing a shared texture map across many rendered
views can help mitigate discontinuities that often affect multi-view
feed-forward approaches.

Vision–Language Model Guidance. A prominent optimization-
based line of work uses vision–language models such as
CLIP [R∗21] to guide texture synthesis. As a precursor, Neu-
ral 3D Mesh Renderer [KUH18] introduced a differentiable ren-
derer and demonstrated that mesh textures (and even vertices)
can be optimized using image-based objectives. In particular, it
showed that a mesh can be iteratively updated to minimize a 2D
style loss [GEB16], enabling style transfer from an image onto a
3D asset. Building on this idea, later methods replaced style im-
ages with natural-language descriptions using CLIP’s joint vision–
language embedding. In these approaches, the mesh is rendered
from multiple viewpoints, and the CLIP loss between rendered im-
ages and the target text is used to update the texture. For instance,
Text2Mesh [MBOL∗22] optimizes mesh appearance and local ge-
ometric detail to match a given prompt in CLIP space, enabling
compelling text-driven stylization through optimization alone. Sub-
sequent works improved efficiency and fidelity: X-Mesh [MZS∗23]
introduced a text-guided dynamic attention mechanism that im-
proves stylization accuracy and convergence speed while refining
both geometry and texture. When geometry deformation is dis-
abled, the method reduces to a purely text-guided texture optimiza-
tion pipeline.

Several related methods also use CLIP-based objectives for
text-driven 3D appearance optimization [KXBP22,Jet21,JMB∗22].
While CLIP-guided texture optimization can produce broadly plau-
sible and semantically relevant results without task-specific 3D
training data, its visual quality is often limited by the coarse su-
pervision provided by CLIP embeddings. To push toward photo-
realism, TANGO [CCL∗22] extends this line of work to optimize
spatially varying material properties, local geometric variation, and
lighting under a differentiable renderer. By predicting material,
normal map, and lighting condition from a text prompt, TANGO
produces more realistic appearances, including shiny or metallic
finishes, and enables photorealistic text-driven stylization. Over-
all, CLIP-based methods established the feasibility of text-driven
texturing and stylization, but were later surpassed in fidelity by
diffusion-based approaches.

Diffusion-Driven Optimization. Instead of relying on CLIP em-
bedding alignment, some methods optimize textured meshes us-
ing guidance from a pre-trained diffusion model, e.g., Stable Dif-
fusion [RBL∗22], conditioned on the same text prompt. The key
idea, introduced by DreamFusion [PJBM23], is Score Distillation
Sampling (SDS): rather than comparing against a single target im-
age, SDS uses the score function of a frozen text-to-image diffusion
model to provide gradients that drive the 3D representation toward
the prompt-conditioned image distribution. In practice, this is often
written as an SDS objective LSDS whose gradients encourage ren-
dered views of the mesh to be interpreted by the diffusion model
as matching the prompt. Optimizing this objective directly on a
mesh’s texture can synthesize more complex and higher-frequency
details than earlier CLIP-based methods.

A limitation of basic SDS, however, is oversmoothing or oversat-
uration of textures, partly due to how the guidance gradients are ob-
tained. To address this, ProlificDreamer [WLW∗23] proposed Vari-
ational Score Distillation (VSD). VSD treats the desired 3D texture
as a random variable and optimizes a variational bound, which in-
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Figure 17: An overview of Paint-It. Given an untextured mesh and
a text prompt, the method optimizes PBR texture maps (e.g., albedo,
roughness, metalness, normals) using SDS guidance [PJBM23]
from a frozen text-to-image diffusion model over multi-view ren-
derings. Figure reproduced from [YJPMO24].

troduces diversity and reduces bias in score estimation. As a result,
VSD can yield sharper and more diverse details than basic SDS.
Although DreamFusion and ProlificDreamer optimize NeRF-based
representations, the same principles can transfer to explicit mesh
textures. In fact, Latent-NeRF [MRP∗23] showed that latent-space
score distillation can be applied directly to a mesh’s UV texture
map. In their scheme, the texture is represented in the latent space
of a pretrained autoencoder; SDS is applied in that compact space
to generate a coarse latent texture, which is then decoded to RGB
and further refined. This yields high-resolution textures more effi-
ciently than pixel-space optimization.

Subsequent works extended this paradigm to physically based
material generation. Fantasia3D [CCJJ23] demonstrated text-to-3D
content creation with disentangled geometry and appearance. By
optimizing an explicit mesh for shape and a neural appearance rep-
resentation for material under SDS guidance, Fantasia3D generates
textured meshes with relightable PBR material properties from a
text prompt. Building on this direction, Paint-It [YJPMO24] tar-
gets high-fidelity physically based texture generation (Fig. 17). The
authors observed that applying SDS directly to pixel-wise texture
maps leads to noisy and blurry results due to uneven gradient cov-
erage. To address this, they represent each texture map (diffuse,
specular, roughness) with a lightweight convolutional network in-
stead of raw pixels. This re-parameterization acts as an implicit
regularizer, filtering high-frequency noise from diffusion gradients
and enabling coarse-to-fine optimization. Paint-It achieves faster
convergence and finer details (e.g., text and engravings) than prior
distillation-based methods, while also allowing explicit lighting
control during texture generation. FlashTex [DOW∗24] introduces
LightControlNet, an illumination-aware diffusion model condi-
tioned on user-specified lighting (e.g., HDRI or text). Its pipeline
first generates lighting-consistent multi-view images of the mesh
and then refines the texture through optimization so that the recov-
ered appearance remains relightable and consistent under arbitrary
illumination. Going a step further, DreamMat [ZLX∗24] trains a
diffusion model that is explicitly geometry- and light-aware. The
model conditions on geometric cues such as normal and depth maps
together with lighting and text, and learns to generate physically
plausible material maps. Relatedly, DreamPBR [XZP∗25] targets
text-driven, high-resolution SVBRDF generation with multimodal
guidance, producing relightable PBR parameter maps that can com-
plement mesh-based material texturing.

More recently, video diffusion models have been explored for
texturing because they often provide stronger inter-frame, and thus
cross-view, consistency than image-based generators. For example,
VideoMat [MWL∗25] extracts relightable PBR material maps for a
given 3D shape by first generating multi-view, view-consistent ren-
derings with a fine-tuned video diffusion model, then recovering
base color, roughness, and metallic through intrinsic decomposi-
tion, and finally applying differentiable path-traced refinement to
output standard PBR maps.

Beyond text prompts, optimization-based texturing has been
adapted to other forms of guidance. TextureDreamer [YHK∗24]
addresses image-driven texture synthesis. Given only 3–5 reference
photos of a real object or scene, it personalizes a diffusion model to
capture the reference appearance, in a manner inspired by Dream-
Booth [RLJ∗23], and then optimizes the target mesh’s relightable
texture maps using VSD [WLW∗23] so that rendered views match
the references.

In a similar spirit, StyleTex [XZT∗24] focuses on style transfer
from a single 2D image. It decouples the image’s style from its con-
tent in CLIP space, then injects the style features via cross-attention
during diffusion-guided, multi-view optimization of the mesh’s UV
texture, while using the content features as negative guidance to
suppress content leakage. This yields RGB (non-PBR) textures that
faithfully inherit the reference image’s artistic style (color palettes,
brushstrokes, etc.) without distorting the mesh structure. Another
intriguing direction is optimizing procedural material parameters
instead of raw textures. MaPa [ZPX∗24] segments a 3D model
and assigns each part a procedural material graph, as used in tools
like Blender [Ble25] or Substance 3D [ado25]. The parameters of
these graphs (e.g., noise scale, color, roughness) are optimized us-
ing a segment-controlled text-to-image diffusion model that synthe-
sizes part-aligned target images, bridging text descriptions to ma-
terial parameters without paired training data. This produces high-
quality, tileable textures with correct reflectance and, crucially, ed-
itable procedural materials rather than baked bitmaps.

There have also been efforts to texturize an entire scene. Scene-
Tex [CLL∗24] addresses this challenge for large indoor 3D scenes
with many objects from a text prompt. Instead of optimizing a
single explicit scene-level UV atlas, it represents appearance us-
ing a multi-resolution texture field and optimizes it with a score-
distillation-based objective. To ensure global coherence, SceneTex
introduces view-dependent refinement through a cross-attention de-
coder that propagates appearance information across viewpoints,
yielding fully textured rooms in which walls, floors, and furniture
share a consistent style.

Finally, optimization can also be constrained to local regions of a
mesh. 3D Paintbrush [DLAH24] enables localized text-driven tex-
turing using a novel Cascaded Score Distillation (CSD) loss that
combines guidance from multiple diffusion stages. Given a mesh
and a text prompt such as “superman emblem”, it jointly learns a
localization map to identify the target region and a texture map,
both represented as neural fields, confining the edit to the predicted
area while leaving the rest of the texture unchanged (Fig. 18).

Optimization-based texturing has significantly advanced the
quality and flexibility of 3D asset creation, but it remains limited
by runtime. Unlike feed-forward networks that generate textures
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Figure 18: Given a text prompt, 3D Paintbrush predicts
both the target region and corresponding texture on the in-
put mesh, enabling spatially controlled texturing. Figure adapted
from [DLAH24].

in a single pass, these methods typically require many optimiza-
tion and denoising steps per shape. Even with accelerations such
as latent-space distillation/optimization [MRP∗23] or efficient dif-
ferentiable rendering [LKA∗20,NDVZJ19,JSRV22,RRN∗20], tex-
turing a single model can still take several minutes, making these
approaches costly, especially for time-sensitive or large-scale ap-
plications without substantial compute. Nonetheless, optimization-
based texturing opened a new frontier: by leveraging powerful 2D
priors, it enables automatic texture generation at a level of de-
tail and semantic richness that was previously difficult to achieve.
Ongoing research seeks to reduce runtimes through better initial-
ization and staged pipelines [LGT∗23], parallelism across views,
and hybrid learning–optimization designs that combine generative
priors with render-and-backprop refinement [DOW∗24, YHK∗24].
At the same time, work on creative control—e.g., localized ed-
its and procedural/material parameter optimization—has expanded
user control over where and how edits are applied [DLAH24,
ZPX∗24, GZD∗23]. In this sense, combining differentiable render-
ing with powerful vision–language and diffusion priors remains a
compelling paradigm for high-quality 3D mesh texturing.

4.3. Accelerated Diffusion-based Texturing

Early works demonstrated that 2D diffusion models can be used to
optimize 3D textures (e.g., by score distillation [PJBM23]). While
these optimization-based methods achieve impressive results, they
come at the cost of lengthy per-object optimization (often tens of
minutes). The need for faster, more scalable approaches motivated
a new class of methods that avoid costly test-time optimization
by instead using diffusion models in one of three ways: (1) iter-
ative view-by-view painting with a frozen 2D diffusion prior, (2)
synchronized multi-view generation that diffuses all views concur-
rently, or (3) feed-forward texture synthesis in which a custom dif-
fusion model directly outputs a full texture map.

Iterative Texturing. A widely adopted pipeline “paints” the mesh
one view at a time in a loop: (i) render the current viewpoint with
geometric cues (e.g., depth or normals); (ii) use a pretrained im-
age diffusion model to synthesize an image consistent with the cur-
rent view and prompt; (iii) back-project the synthesized colors onto
the UV map using visibility; and (iv) update a per-texel progres-
sion mask before moving to the next view [RMA∗23, CSL∗23].
Dynamic keep/refine/generate masks guide denoising toward un-

Figure 19: An overview of an iterative texturing pipeline. The mesh
is rendered from preset viewpoints, a text-to-image model generates
view-consistent appearances, and the results are back-projected
to update the texture map, iterating across views. Figure adapted
from [CSL∗23].

painted or low-confidence regions while protecting already gen-
erated high-quality textures, progressively covering the UV space
across multiple views [RMA∗23, CSL∗23] (Fig. 19). Many im-
plementations also include a final seam-refinement pass to clean
residual discontinuities along chart boundaries [CSL∗23]. In prac-
tice, this iterative scheme can yield high-quality textures without
fine-tuning the diffusion backbone, although minor seams, color
drift, or incomplete coverage may remain across view bound-
aries [RMA∗23, CSL∗23].

Several works build on the iterative painting paradigm for
specialized scenarios. EASI-Tex [PWMAZ24] targets single-
image texture transfer: given a reference photo, it uses an IP-
Adapter [YZL∗23] to diffuse the photo’s texture onto a 3D shape.
It also showed that geometric edges yield more structurally accu-
rate textures than depth or normals. Paint3D [ZCQ∗24] follows a
coarse-to-fine strategy: it first samples a pretrained diffusion model
to obtain a coarse texture, then uses custom UV-space diffusion
models to upsample, inpaint missing regions, and remove baked-in
lighting. In the interest of speed, Make-A-Texture [XGF∗25] op-
timizes the diffusion model and introduces a specialized backpro-
jection algorithm that generates a full texture in only 3 seconds,
trading some detail for significant speed gains. Iterative pipelines
have also been adapted to complex scenes: InstanceTex [YGC∗24]
textures multi-object scenes instance by instance while aiming to
maintain global coherence, whereas RoomTex [WLX∗24] unwraps
indoor scenes into panoramas for an initial global pass, then iter-
atively inpaints each object with panoramic guidance to mitigate
inter-object style inconsistencies. Despite these advances, iterative
methods can still exhibit minor seams or blur due to view-wise gen-
eration, though they remain far faster and more practical than per-
mesh optimization, requiring a fixed number of diffusion denoising
steps per view instead of long gradient-based optimization.

Synchronized Texturing. Another approach is to generate all
views simultaneously. Synchronized multi-view texturing methods
perform a joint diffusion process across multiple camera views,
sampling all views together at each denoising step and aggregating
their latent updates onto a common texture representation to pro-
mote globally consistent results [CKF∗23,LXLW24,SXSX25]. By
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Figure 20: An overview of a synchronized multi-view texturing
pipeline. Per-view diffusion denoising is coupled through a Blend
module that fuses per-view textures into a shared texture image, im-
proving cross-view consistency. Figure reproduced from [ZPZ∗24].

parallelizing view synthesis, such methods can reduce runtime and
improve consistency, since texture evolves jointly across views and
overlapping boundary regions are encouraged to agree [CMZ∗25].
One of the first such approaches, TexFusion [CKF∗23], introduced
multi-view latent fusion in which the diffusion denoiser operates
on several rendered views concurrently, and the predicted 2D la-
tent features are aggregated onto a shared latent texture map. The
final RGB texture is then recovered by optimizing an intermediate
neural color field on decoded renders of that latent texture, yielding
globally coherent results without the long per-object optimization
used in earlier SDS-based pipelines.

Building on this idea, GenesisTex [GJL∗24] performs diffusion
directly in texture space, maintaining one latent texture map per
viewpoint during denoising and dynamically aligning them to en-
sure cross-view coherence. It further introduces style-consistency
mechanisms and latent alignment to enforce a unified appearance
across viewpoints. A related method, MVPaint [CMZ∗25], also
generates all views simultaneously using synchronized multi-view
diffusion, but follows this with 3D inpainting and UV-space refine-
ment to fill unobserved regions and reduce cross-view inconsisten-
cies, producing seamless high-resolution textures.

Many other recent works adopt synchronized diffusion to im-
prove multi-view consistency. TexPainter [ZPZ∗24] enforces multi-
view consistent text-to-texture synthesis using a pre-trained la-
tent diffusion model by jointly denoising multiple views. At each
DDIM step, the predicted noiseless states are decoded to images,
fused in color space into a common texture, and the fusion ob-
jective is back-propagated to the view latents, relaxing sequential
dependencies and improving cross-view consistency and quality
(Fig. 20). RomanTex [FYY∗25] improves geometry- and image-
aligned multi-view diffusion for texturing via a 3D-aware rotary
positional embedding and a decoupled attention design (reference
attention plus multi-view attention), strengthening cross-view co-
herence before baking to UV space. VCD-Texture [LYC∗24] goes
further by introducing a 3D–2D collaborative denoising framework
that aggregates multi-view 2D latent features into 3D space and ras-
terizes them back to produce more consistent 2D predictions. This
coupling yields highly stable textures, as the 2D diffusion is contin-
uously guided by a holistic 3D representation and vice versa. Ma-
terialMVP [HYY∗25a] extends synchronized multi-view diffusion

to PBR outputs by jointly generating view-consistent albedo and
metallic–roughness maps, using consistency-regularized training to
suppress illumination artifacts and multi-channel aligned attention
to keep the predicted maps spatially aligned. Meanwhile, Gene-
sisTex2 [LZZ∗25] extends GenesisTex [GJL∗24] with improved
stability and quality by introducing local attention reweighting in
the diffusion model’s self-attention layers, ensuring that spatially
corresponding patches across views remain strongly correlated. It
further merges latent features across views at multiple stages to en-
force consistency without compromising diversity.

More recently, SeqTex [YYS∗25] leverages video diffusion pri-
ors to strengthen cross-view coherence in synchronized texturing.
It formulates mesh texturing as sequence generation and jointly
models multi-view renderings and UV textures using geometry-
informed attention. By coupling view-space and UV-space genera-
tion within a unified framework, it produces complete UV texture
maps end-to-end and reduces reliance on post-hoc baking or fusion.

Overall, synchronized approaches demonstrate that parallel
multi-view generation greatly enhances texture consistency. By
jointly denoising all views through shared latent variables or cross-
view interactions, these methods substantially reduce seams. How-
ever, UV-space fusion can behave like an averaging operation: if
applied too strongly throughout the full denoising trajectory, it can
suppress high-frequency details and yield over-smoothed (blurry)
textures [LXLW24]. As a result, synchronization is often empha-
sized in early (high-noise) timesteps to align global layout and
color, and relaxed in later timesteps to preserve fine details; but
once coupling is weakened, per-view updates can drift and resid-
ual inconsistencies may still arise, especially in low-overlap or oc-
cluded regions, often motivating downstream 3D/UV refinement
(e.g., MVPaint [CMZ∗25]). The main trade-off is higher memory
consumption—since multiple views are diffused simultaneously—
and, in some cases, the need for custom synchronization mecha-
nisms or additional guidance modules (e.g., GenesisTex [GJL∗24],
FlexiTex [JYZ∗25]). Nevertheless, synchronization leverages the
diffusion model’s global coherence to produce seamless textures
that are difficult to achieve with strictly view-by-view strate-
gies [CSL∗23, RMA∗23].

Feed-Forward Texturing. To avoid per-instance optimization,
one solution is to train a diffusion model that directly generates the
full texture representation in a single pass, without requiring view-
by-view rendering during inference. Many current feed-forward
texturing methods operate in UV space, allowing occluded regions
to be textured since the full surface is visible to the model. This de-
sign avoids view-by-view processing and stitching, but typically re-
quires large datasets of textured 3D objects [DSS∗23,D∗23], which
have only recently become available (Fig. 21).

TEXGen [YYG∗24] is a 700M-parameter diffusion model
trained to generate 1024×1024 UV maps for meshes across di-
verse categories. Its architecture interleaves 2D convolutions on
the UV map with self-attention over a 3D point-cloud representa-
tion of the mesh, injecting 3D structural awareness into 2D texture
generation. Once trained, TEXGen can synthesize diverse, high-
resolution textures in a single forward pass conditioned on text or
reference images. Related feed-forward diffusion models also cou-
ple 3D and UV-space reasoning: Point-UV Diffusion [YDL∗23]
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Figure 21: A feed-forward texturing pipeline (TEXGen). A diffu-
sion U-Net denoises a latent UV texture atlas conditioned on ras-
terized mesh cues and text embeddings to generate a UV texture
map in a single pass. Figure reproduced from [YYG∗24].

adopts a coarse-to-fine design that first diffuses appearance in sur-
face point space to obtain a globally consistent prior, then projects
it into UV space and refines a high-resolution texture atlas, helping
reduce seams and UV-fragmentation artifacts. More recent feed-
forward models continue to broaden this design space. For exam-
ple, UniTEX [LLC∗25] moves beyond purely UV-based process-
ing by lifting texture generation into a unified 3D functional space,
while Material Anything [HWLW25] targets physically based ma-
terial generation, predicting not only albedo but full PBR material
maps for a given 3D object.

Feed-forward models have also explored alternative representa-
tions. UV-free Texture Diffusion [FZB24] bypasses UV maps en-
tirely by operating on colored point clouds and using heat diffusion
over the mesh surface. Its UV3-TeD framework models each sur-
face as a point set with a learnable latent field, enabling texture gen-
eration directly on the mesh without a fixed UV parameterization
and thereby avoiding seam- and distortion-related issues associated
with UV maps. Likewise, Single-Mesh Diffusion [MEM24] learns
field latents attached to mesh vertices and trains a diffusion model
to generate these latent codes, which are then decoded to colors.
Under a feed-forward generation setting for a given trained asset,
this enables rapid, view-consistent synthesis of many texture vari-
ants when the geometry is known. Another notable work, Align-
Tex [ZXW∗25], addresses the challenge of generating textures that
precisely match concept art or reference images of a 3D asset. It
employs a diffusion-based two-stage pipeline with alignment losses
and transformer-based conditioning to enforce pixel-level corre-
spondence between multi-view artwork and the generated UV map,
yielding pixel-precise rather than style-consistent texture synthesis.

Consequently, diffusion-based texturing has rapidly advanced
from slow per-mesh optimization [PJBM23, WLW∗23] to fast
feed-forward generation [HWLW25]. Iterative methods built on
the idea of leveraging 2D diffusion models for 3D texture paint-
ing [CSL∗23, RMA∗23], and they remain attractive for their sim-
plicity (no model retraining) and controllability (one can intervene
at each view). However, they may still produce seams or incon-
sistent details, since each view is processed sequentially. Synchro-
nized multi-view diffusion [LXLW24, CKF∗23] significantly alle-
viates this issue: by treating all views (or the UV map) as a joint
diffusion task, these methods encourage the texture to evolve co-
herently across the surface. The cost is higher memory usage and,
in some cases, the need for custom diffusion pipelines, but the ben-

efit is improved quality on challenging cases (intricate objects, full
scenes) where view-by-view approaches often struggle with mis-
alignment. Feed-forward approaches [ZXW∗25] push this further
by directly mapping text (and other inputs) to the texture domain,
often without explicit view-by-view rendering during inference.
This yields substantial speedups and opens the door to zero-shot
and generative applications, such as texturing large numbers of ob-
jects with diversity.

A core challenge for feed-forward models is the distribution
of training data. Large diffusion-based texture models are often
trained on synthetic datasets or broad 3D asset collections (e.g.,
ShapeNet [CFG∗15] or Objaverse [DSS∗23, D∗23]), which may
not fully reflect the visual richness of real-world textures. As a re-
sult, their outputs may still fall short of the photorealism of real
imagery. For instance, a model trained purely on synthetic stylized
assets might produce textures with a telltale “CGI” look. Current
feed-forward models such as Material Anything [HWLW25] and
TEXGen [HGZ∗24] already exhibit coherent results, but slight do-
main gaps remain in high-frequency detail and material realism.
One promising direction is to combine the strengths of synthetic
and real data, e.g., using large synthetic datasets to learn geometry-
to-texture alignment while leveraging real image data to improve
appearance realism and material properties. Some recent works
have moved in this direction by incorporating real-image losses
or conditioning signals: Material Anything [HWLW25] integrates
rendering-based losses to encourage physical realism, while Fab-
ricDiffusion [ZWC∗24] uses real fashion photographs as inputs.

4.4. 3D Humans Texturization

Texturing human avatars merits separate discussion, since the un-
derlying assumptions, constraints, and objectives differ from those
of general object texturing. First, representation priors differ: many
modern human texturing methods build on parametric body mod-
els (e.g., SMPL/SMPL-X [LMR∗15,PCG∗19]) with fixed topology
and canonical UV atlases, providing consistent surface correspon-
dences across poses [LMR∗15, PCG∗19]. In contrast, general ob-
ject texturing often lacks such canonical parameterization.

Second, human identity and anatomy impose distinctive con-
straints: faces, hands, and skin carry fine-grained, identity-defining
cues (freckles, lip color, etc.) that must be preserved for real-
ism and recognition. Accordingly, many methods incorporate face-
specific priors or losses (e.g., a facial UV refinement network or
an identity loss) to capture such high-frequency details [OLY∗17,
DCX∗18, WZL∗19]. Moreover, several works segment the tex-
ture or mesh into semantic parts and apply part-specific models or
losses [CSST21].

Third, the data and evaluation protocols are domain-specific:
human texturing methods typically train on specialized datasets
such as artist-modeled digital humans, 3D scans, or multi-view
captures [LZT∗24, LIPM19], since fully paired ground-truth tex-
tures remain scarce. Evaluation also relies on human-centric met-
rics, including identity preservation (e.g., face-ID or person re-
identification [WZL∗19]) and part-aware image fidelity measures
such as PSNR or LPIPS computed on rendered views or aligned
texture regions [CSST21].
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Finally, applications in digital humans demand distinct capa-
bilities: avatars for gaming, virtual try-on, and related interactive
settings require textures that are high-fidelity and semantically ed-
itable (e.g., “change the shirt logo to #10”) [MAPM20, CSST21].
In dynamic settings, even minor misalignments can cause percep-
tible flicker under motion, breaking realism. Accordingly, human
texturing methods often place greater emphasis on semantic con-
trollability and, when animation is involved, temporal consistency
of attributes such as clothing patterns [CSST21, MAPM20].

Earlier neural pipelines. Earlier neural pipelines aim to generate
full-body textures from sparse inputs, often a single image, typi-
cally leveraging 2D supervision through UV mapping. Lazova et
al. [LIPM19] reconstruct a full 360◦ human texture from a single
view by fitting an SMPL mesh to the image, projecting visible pix-
els into its UV atlas, and training a network to inpaint occluded
regions. Grigorev et al. [GSVL19] address pose variation through
coordinate-based inpainting: they map an input person image into
UV space using DensePose [GNK18] correspondences and train
a GAN to fill missing UV regions, helping preserve fine clothing
details such as logos and prints under re-posing. A related idea ap-
pears in DensePose Transfer [NGK19], which extracts a source UV
texture, reprojects it onto a target pose, and refines seams and miss-
ing details via a neural network. These UV completion methods—
including UV-GAN [DCX∗18] for faces—leverage the maturity of
2D image synthesis in UV space, reducing 3D consistency to a 2D
inpainting problem. AUV-Net [CYF22] formalizes this further by
learning an aligned UV parameterization for an entire shape class,
mapping semantically corresponding surface points to shared UV
coordinates across instances. By training a network to deform each
mesh into a common UV template, it achieves dataset-wide texture
alignment without manual unwrapping, enabling generative mod-
els (GANs or diffusion) trained in this UV space to produce tex-
tures transferable across meshes. TexturePose [PKD19] does not
output an explicit texture map but enforces texture consistency dur-
ing training of a human mesh estimator: if consistent UV textures
are predicted across viewpoints, the underlying 3D shape is more
likely to be accurate. This is implemented by projecting the image
from one view onto the predicted mesh, rendering it to a second
view, and comparing against the true image. Although geometry-
focused, its core idea—consistent textures imply consistent geom-
etry—is conceptually related to later methods that jointly reason
about shape and texture.

Supervised texture generation with human priors. Some meth-
ods treat human texturing as a direct translation problem from
images of people or clothing into a UV texture, often leveraging
human parsing or identity cues to handle misalignment. Zhao et
al. [ZLZS20] propose a human-parsing-guided texture transfer
model in which a single image’s semantic segmentation provides
pose and shape cues. During training, they enforce cross-view con-
sistency by predicting textures from two views and exchanging
them to render the opposite view, optimizing a loss between the ren-
dered and input images. This formulation requires no ground-truth
3D textures and enables plausible completion of invisible regions
during inference. Wang et al. [WZL∗19] address the task using an
identity objective, with a person re-identification network serving
as a perceptual metric for texture generation. From an input image,

Figure 22: Part-aware human texturing. Given a single in-
put image (left), the method segments a textureless human mesh
into semantic parts and textures them to produce a detailed
3D human with clean region boundaries (right). Figure adapted
from [NKML25].

they extract a partial texture from visible pixels, render a full-body
image, and use a pretrained re-ID CNN to compare this render with
the real image. The texture generator is then optimized so that the
rendered avatar matches the input identity in feature space. Mir et
al. [MAPM20] address a practical scenario: texturing 3D garments
from catalog photos. Given front- and back-view clothing images,
their model learns dense correspondences from 2D silhouette coor-
dinates to the garment surface in UV space. Trained on synthetic
data with known correspondences, it warps clothing patterns onto a
garment template to generate a texture map and supports real-time
virtual try-on.

Later works extend part-specific texturing. PARTE [NKML25]
segments the human mesh into semantic parts (torso, arms, pants,
etc.) and generates textures for each part to prevent cross-region
bleeding. A PartSegmenter labels each vertex by part, while
a diffusion-based PartTexturer fills the corresponding UV re-
gions conditioned on part descriptions, part labels, and neigh-
boring parts. This produces sharper transitions and cleaner tex-
tures, improving downstream reconstruction (Fig. 22). Chaud-
huri et al. [CSST21] propose a semi-supervised framework for
generating high-resolution (10242) editable textures. Their region-
adaptive VAE (ReAVAE) learns a latent style code for each seman-
tic region (face, shirt, pants, shoes, etc.) on the UV map. At gen-
eration time, a segmentation mask and optional style vectors guide
the synthesis of a consistent texture map, enabling localized edits
such as changing only the shirt’s pattern or color. To overcome lim-
ited paired data, single-view images are projected into texture space
and used as partial supervision. These supervised and weakly su-
pervised methods leverage human-specific cues—such as parsing,
keypoints, and identity features—to infer plausible textures from
sparse inputs, enabling more flexible generative approaches.

High-fidelity generation via diffusion-based models. Recent
methods move toward more flexible human texture generation us-
ing diffusion-based models, with a key focus on maintaining 3D
consistency and semantic control. TexDreamer [LZT∗24] exempli-
fies this trend as a zero-shot multimodal 3D human texturing sys-
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tem. By adapting a large text-to-image model to a semantic human
UV structure using the ATLAS dataset, it generates detailed skin
and clothing textures directly in a canonical UV layout, bypassing
view rendering. A feature translator maps text or reference-image
inputs into the diffusion latent space while conditioning on UV ge-
ometry. TexGarment [LWG∗25] targets standalone garments, com-
bining a pre-trained text-to-image diffusion Transformer with 3D
structural guidance to generate diverse, 3D-consistent textures. It
injects UV position maps and 3D shape cues (e.g., point clouds) to
enforce alignment across seams and improve 3D consistency.

Beyond generation, transfer methods also recover reusable ma-
terials from real photos. FabricDiffusion [ZWC∗24] recovers a
distortion-free, tileable fabric texture from a single in-the-wild gar-
ment photo by “unwarping” it into a flat texture map. Trained on
synthetic garments with known projected patterns, it infers the
underlying tileable material, which can then be mapped to gar-
ment UVs and coupled with existing PBR material generation
pipelines for high-fidelity rendering and virtual try-on. Make-It-
Vivid [TZF∗24] explores text-driven texture generation for cartoon
characters by adapting a pretrained diffusion model to paired UV
maps and text descriptions, and further employs adversarial learn-
ing to sharpen details and reduce the synthetic-to-real domain gap.

Finally, methods such as HumanRef [ZLZ∗24] bridge generative
texturing and 3D reconstruction via Ref-SDS, a reference-guided
score distillation approach that optimizes a textured 3D human
model from a single image. By incorporating image guidance and
region-aware attention, HumanRef preserves fine appearance de-
tails from the reference image while maintaining cross-view con-
sistency. SiTH [HSH24] takes a related but feed-forward route: it
trains an image-conditioned diffusion model to hallucinate unseen
back-view appearance from a front view, then feeds the generated
views into a mesh reconstruction and texturing pipeline to recover
full-body textures. These works highlight how diffusion models
and large-scale generative priors support both open-ended texture
generation from text or images and strong inpainting of occluded
regions where deterministic methods often struggle.

All in all, human texturing has progressed from UV-space
completion and transfer [LIPM19, GSVL19, MAPM20] to pow-
erful diffusion- and transformer-based generation/transfer sys-
tems [LZT∗24, LWG∗25, ZWC∗24], with part-aware designs im-
proving seam handling and editability [CSST21, NKML25]. Yet,
several domain-specific hurdles remain. In dynamic settings, tem-
poral consistency under motion remains challenging [HSH24,
ZYY24], and generalization across poses, garments, and body
shapes is still limited by scarce paired supervision [ZLZS20,
PKD19,WZL∗19]. Facial fidelity and material heterogeneity (skin,
hair, fabric) continue to challenge unified modeling [OLY∗17,
DCX∗18, ZWC∗24], while some diffusion-guided pipelines im-
prove realism at increased computational cost [LZT∗24,LWG∗25].

Looking forward, we foresee progress toward more transferable
canonical UV representations across subjects [CYF22, LZT∗24];
part- and seam-aware generators with geometry guidance for
complex garments [NKML25, LWG∗25]; reference- and text-
conditioned editing with identity preservation [WZL∗19,ZLZ∗24];
and scalable appearance and material modeling that extends beyond
RGB [ZWC∗24]. Achieving these at real-time or near-interactive

rates, while maintaining temporal stability, remains a central chal-
lenge for neural 3D human texturing.

4.5. Commercial Systems and Technical Reports

In addition to the peer-reviewed literature surveyed above, numer-
ous commercial systems, technical reports, and recent preprints
have emerged for end-to-end 3D asset generation, often including
mesh texturing as a key component [ZLL∗25, HYY∗25b, FLL∗25,
ZWZ∗24,LZS∗25,BKA∗24,Hyp,Tri,Mes]. These systems are typ-
ically released as hosted products, API services, preprints, or tech-
nical write-ups, and therefore differ from academic work in their
disclosure level and evaluation practices. We include them here to
contextualize research progress with real-world deployment; un-
less noted otherwise, many sources cited in this subsection are non-
peer-reviewed project pages, documentation, or technical reports.

A common theme across these systems is that texturing is
only one component of a larger pipeline that jointly targets
geometry, UVs, and material appearance. For example, Hun-
yuan3D [ZLL∗25, HYY∗25b] describes a two-stage design that
first produces a 3D shape and then “paints” appearance to
obtain a high-fidelity textured asset, with later iterations ex-
plicitly incorporating production-oriented material outputs (e.g.,
PBR-oriented variants) alongside geometry generation. Similarly,
Seed3D [FLL∗25] presents a modular pipeline in which geometry
generation is paired with multi-view texture/material synthesis and
a subsequent UV completion stage to support downstream use in
standard 3D toolchains. CLAY [ZWZ∗24] is a controllable end-to-
end 3D asset generator that couples a large 3D geometry model
with a multi-view material diffusion module to produce 2K PBR
material maps, illustrating how production-oriented systems inte-
grate texturing into the full asset pipeline.

Commercial services such as Rodin [Hyp], Tripo [Tri], and
Meshy [Mes] illustrate how these ideas are operationalized in prac-
tice: they emphasize a streamlined user experience (single-image
or text-conditioned generation, export-ready textured assets, and
direct export to common asset formats) and prioritize robustness
across diverse user inputs. While implementation details vary and
are not always fully disclosed, these systems broadly align with re-
search trends highlighted throughout this survey: leveraging strong
2D generative priors (diffusion/transformers) for appearance, en-
forcing multi-view agreement to reduce view-dependent artifacts,
and adopting standardized material conventions to ease integration
into digital content creation (DCC) tools and real-time renderers.

From a research perspective, these deployments highlight several
practical pressures that are likely to shape future texturing work.
First, production constraints—such as predictable UV conventions,
stable material parameterizations, and renderer compatibility—can
matter as much as perceptual texture realism. Second, system-level
objectives such as latency, scalability, failure modes, and controlla-
bility become central when texturing is embedded in an end-to-end
generation stack rather than studied in isolation. Finally, because
many commercial systems are distributed as services, their train-
ing data curation, preprocessing, and evaluation protocols are often
less transparent than in academic releases, motivating reproducible
benchmarks and standardized reporting for fair comparison.
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Table 1: A summary of representative works in Neural 3D Mesh Texturing. Each work is characterized by Model (the type of neural
network being used), Guidance (the type of Stylistic Guidance which controls the texture appearance), Model Type (if the model is Pre-
trained, Fine-tuned, or Custom trained for the texturing task), Generation Strategy (the way textures are generated: Optimization / Iterative
/ Synchronized / Feed-forward), and the output Texture Type (RGB textures, with baked-in lighting effects, or disentangled PBR materials).

Methods Model Guidance Model Type Generation Strategy Texture Type

TextureFields [OMN∗19] Neural fields Uncond./Image Custom Feed-forward RGB textures
Huang et al. [HTD∗20] GAN Image Custom Optimization RGB textures
LTG [YDPT21] GAN Unconditional Custom Feed-forward RGB textures
Texturify [STM∗22] GAN Unconditional Custom Feed-forward RGB textures
Mesh2Tex [BTD23] GAN+Neu. fields Uncond./Image Custom Feed-forward+Opt. RGB textures
ShaDDR [CCZZ23] GAN 3D shape Custom Feed-forward RGB textures
3DStyleNet [YGS∗21] GAN 3D shape Pre-trained+Custom Optimization RGB textures
SPSG [DST∗21] GAN Image Custom Feed-forward RGB textures
AUV-Net [CYF22] GAN Uncond./Image/3D shape Custom Feed-forward+Opt. RGB textures
Chaudhuri et al. [CSST21] VAE+GAN Uncond./Image Pre-trained+Custom Feed-forward RGB textures
Lazova et al. [LIPM19] GAN Image Custom Feed-forward RGB textures
Grigorev et al. [GSVL19] GAN Image Custom Feed-forward RGB textures
Neverova et al. [NGK19] GAN Image Custom Feed-forward RGB textures
UV-GAN [DCX∗18] GAN Image Custom Feed-forward RGB textures

NMR [KUH18] VGG Image Pre-trained Optimization RGB textures

Dream Fields [JMB∗22] CLIP Text Pre-trained+Custom Optimization RGB textures
Text2Mesh [MBOL∗22] CLIP Text Pre-trained+Custom Optimization RGB textures
X-Mesh [MZS∗23] CLIP Text Pre-trained+Custom Optimization RGB textures
TANGO [CCL∗22] CLIP Text Pre-trained+Custom Optimization PBR materials
CLIP-Mesh [KXBP22] CLIP Text Pre-trained Optimization RGB textures

TEXTure [RMA∗23] Diffusion (2D) Text Pre-trained Iterative RGB textures
Text2Tex [CSL∗23] Diffusion (2D) Text Pre-trained Iterative RGB textures
TexFusion [CKF∗23] Diffusion (2D)+Neu. fields Text Pre-trained+Custom Synchronized + Opt. RGB textures
Paint3D [ZCQ∗24] Diffusion (2D+UV) Text/Image Pre-trained+Custom Iterative (+UV refine) RGB textures
SyncMVD [LXLW24] Diffusion (2D) Text Pre-trained Synchronized RGB textures
MVPaint [CMZ∗25] Diffusion (2D+UV) Text Pre-trained+Custom Synchronized (+refine) RGB textures
TexPainter [ZPZ∗24] Diffusion (2D) Text Pre-trained Synchronized+Opt. RGB textures
VCD-Texture [LYC∗24] Diffusion (2D) Text Pre-trained Synchronized (+refine) RGB textures
TexGen [HGZ∗24] Diffusion (2D) Text Pre-trained Synchronized RGB textures
GenesisTex [GJL∗24] Diffusion (2D) Text Pre-trained Synchronized (+refine) RGB textures
GenesisTex2 [LZZ∗25] Diffusion (2D) Text Pre-trained Synchronized RGB textures
FlexiTex [JYZ∗25] Diffusion (2D) Text/Image Pre-trained Synchronized RGB textures
RoomPainter [HYC∗25] Diffusion (2D) Text Pre-trained Synchronized RGB textures
InstanceTex [YGC∗24] Diffusion (2D)+Neu. fields Text Fine-tuned+Custom Iterative+Opt. RGB textures
RoomTex [WLX∗24] Diffusion (2D) Text Pre-trained Iterative RGB textures
Make-A-Texture [XGF∗25] Diffusion (2D) Text Pre-trained Iterative RGB textures
AlignTex [ZXW∗25] Diffusion (2D) Image Fine-tuned Feed-forward+Sync. RGB textures
TEXGen (700M) [YYG∗24] Diffusion (UV) Text/Image Custom Feed-forward RGB textures
Single-Mesh DM [MEM24] Diffusion (on surface) Unconditional Custom Feed-forward RGB textures
Diffu. Tex. Paint. [HDAA∗24] Diffusion (2D) Image/Brush Fine-tuned Feed-forward (interactive) RGB textures
TextureDreamer [YHK∗24] Diffusion (2D) Image Fine-tuned+Custom Optimization PBR materials
StyleTex [XZT∗24] Diffusion (2D) Image Pre-trained Optimization RGB textures
FlashTex [DOW∗24] Diffusion (2D) Text Fine-tuned+Custom Synchronized+Opt. RGB textures
DreamMat [ZLX∗24] Diffusion (2D) Text Fine-tuned+Custom Optimization PBR materials
MaPa [ZPX∗24] Diffusion (2D) Text Fine-tuned+Custom Optimization PBR materials
Decorate3D [GZD∗23] Diffusion (2D) Text/Image Pre-trained+Custom Optimization RGB textures
3D Paintbrush [DLAH24] Diffusion (2D) Text Pre-trained+Custom Optimization RGB textures
EASI-Tex [PWMAZ24] Diffusion (2D) Image Pre-trained Iterative RGB textures
Paint-it [YJPMO24] Diffusion (2D) Text Pre-trained+Custom Optimization PBR materials
Fantasia3D [CCJJ23] Diffusion (2D) Text Pre-trained+Custom Optimization PBR materials
Material Anything [HWLW25] Diffusion (2D/UV) Text/3D Mesh Feed-forward Feed-forward PBR materials
TexDreamer [LZT∗24] Diffusion (2D/UV) Text/Image Fine-tuned Feed-forward RGB textures
Make-It-Vivid [TZF∗24] Diffusion (2D/UV) Text Fine-tuned Feed-forward RGB textures
FabricDiffusion [ZWC∗24] Diffusion (2D) Image Fine-tuned Feed-forward (UV/tile) RGB textures
TexGarment [LWG∗25] Diffusion (2D/UV) Text Fine-tuned+Custom Feed-forward RGB textures
Point-UV Diffusion [YDL∗23] Diffusion (Point+UV) Uncond./Text/Image Custom Feed-forward RGB textures
SeqTex [YYS∗25] Diffusion (Video+UV) Text/Image Fine-tuned Synchronized RGB textures
RomanTex [FYY∗25] Diffusion (2D) Image Fine-tuned Synchronized RGB textures
MaterialMVP [HYY∗25a] Diffusion (2D) Image Fine-tuned Synchronized PBR materials
CLAY [ZWZ∗24] Diffusion (2D) Text/Image Custom Synchronized PBR materials
VideoMat [MWL∗25] Diffusion (Video+PBR) Text/Image Fine-tuned Synchronized PBR materials
DreamPBR [XZP∗25] Diffusion (2D+PBR) Text+Multimodal Fine-tuned+Custom Feed-forward PBR materials
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5. Datasets and Evaluation Metrics

This section reviews the datasets and evaluation metrics commonly
used in neural methods that directly texture 3D meshes. We focus
on datasets that offer textured meshes or enable reliable supervision
for mesh texturing, as well as standard metrics for evaluating the
fidelity, consistency, and usability of textured assets.

5.1. Datasets

High-quality textured 3D meshes remain relatively scarce com-
pared to geometry-only repositories. As a result, most works rely
on one or more of three data sources: (i) curated datasets of tex-
tured meshes; (ii) geometry-only collections combined with exter-
nal image datasets or procedural materials; and (iii) large-scale,
web-scraped 3D asset libraries with varying texture quality and li-
censing. Below, we summarize representative datasets grouped by
content type.

5.1.1. Mesh Datasets

General Object Mesh Datasets. Early repositories such as Mod-
elNet [WSK∗15] and ShapeNet [CFG∗15] contain thousands of 3D
CAD models but are mostly untextured or only sparsely textured.
Similarly, Thingi10K [ZJ16] includes 10,000 3D-printable models,
emphasizing geometric diversity over material realism. The Prince-
ton COSEG dataset [WAvK∗12] provides segmented 3D models
across object categories for shape analysis, but with little or no
texture information. PASCAL-3D+ [XMS14] bridges 2D and 3D
domains by aligning 3D CAD models with real images for ob-
ject detection and pose estimation, but it does not provide high-
quality textured meshes. In contrast, PhotoShape [PRFS18] aug-
mented a subset of ShapeNet [CFG∗15] with photorealistic mate-
rials inferred from internet photos, yielding a valuable resource for
learning-based rendering and texturing research.

Recent datasets explicitly emphasize diverse, high-quality ob-
ject textures. 3D-FUTURE [FJG∗21] contains about 10,000 fur-
niture CAD models with high-resolution textures and rich annota-
tions, targeting household objects in indoor scenes. It is often paired
with the 3D-FRONT scene dataset [FCG∗21], which provides com-
plete room layouts furnished with 3D-FUTURE assets to support
indoor-scene synthesis and related texture-transfer research. The
Amazon-Berkeley Objects (ABO) dataset [CGD∗22] likewise of-
fers thousands of product models with realistic geometry and phys-
ically based materials, helping bridge synthetic and real-world ob-
ject understanding. At larger scale, Objaverse [DSS∗23] and its
successor Objaverse-XL [D∗23] aggregate millions of 3D models
across highly diverse categories; although not all models feature
high-quality textures (Fig. 23), these web-scale collections have
become valuable resources for pre-training and large-scale gen-
erative 3D/texturing research. The recently introduced TexVerse
dataset [ZZMC25] further advances both scale and quality, curating
over 850K unique 3D objects with high-resolution textures, includ-
ing over 158K with full PBR maps, as well as specialized subsets
of rigged and animated textured models, making it a promising re-
source for learning neural texturing across object types.

For research requiring scenes, the Matterport3D

Figure 23: Objaverse-XL provides over 10M 3D objects spanning
diverse categories, enabling large-scale training and benchmark-
ing for mesh texturing. Figure reproduced from [D∗23].

dataset [CDF∗17] provides 90 real indoor scenes with RGB-
D captures, surface reconstructions, and textured meshes, making
it a valuable resource for methods that leverage scene-level
geometry and appearance. Some synthetic datasets focus on
specialized use cases; for example, Houses3K [PCN∗20] contains
3,000 procedurally generated house models with multiple texture
variants, originally created to train next-best-view policies for 3D
reconstruction. In summary, a broad spectrum of mesh datasets
now exists, from early geometry-only repositories to modern
collections with curated textures, which can be combined to train
and evaluate neural texturing methods.

3D Humans and Garments. Textured 3D human models present
unique challenges, and relatively few large public datasets are
available. Several commercial or restricted 3D human resources
exist, including RenderPeople [Ren25], Triplegangers [Tri25],
Treedy [Tre25], and Twindom [Twi25]. These resources provide
high-fidelity scanned humans or avatar assets with realistic tex-
tures, but they are typically proprietary or only partially acces-
sible. Recent academic efforts have instead focused on larger-
scale human texture datasets. For example, TexDreamer’s ATLAS
dataset [LZT∗24], described as the “largest high-resolution 3D
human texture dataset”, offers diverse human UV textures for
zero-shot generative modeling. Although ATLAS has not been
fully released, it enabled TexDreamer’s high-quality results in
3D human texturing. For clothed virtual characters, the 3DBiCar
dataset [LCD∗23] provides 1,500 fully textured cartoon-style hu-
man meshes spanning 15 character species.

Many works also leverage 2D data to compensate for the scarcity
of textured 3D human scans. For instance, single- or multi-view
images of people, as well as curated internet photos of clothing,
are often used to texture 3D human models [MAPM20, CSAN23].
Therefore, while large-scale public datasets of textured 3D humans
remain limited, the community is gradually assembling both realis-
tic (scanned) and synthetic (artistic or generated) texture collections
to advance learning-based texturing of people and garments.
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5.1.2. Image Datasets

In addition to 3D datasets, many methods rely on 2D image datasets
for learning or evaluation, especially when only geometry is avail-
able. For example, image-guided texture generation for specific ob-
ject categories uses object image collections such as BrnoComp-
Speed [SJŠ∗19], which includes over 20k real car images with
ground-truth annotations, and CompCars [YLLT15], which pro-
vides 214k car images spanning make and model variations, to
synthesize realistic car paint or decal textures. Bird texture transfer
methods likewise employ the CUB-200-2011 dataset [WBW∗11]
to map fine-grained feather patterns onto 3D bird models. Generic
texture descriptors are often learned from the Describable Tex-
tures Dataset (DTD) [CMK∗14], containing 5,640 images of pat-
terned textures labeled with human-descriptive attributes. For tex-
ture super-resolution or recovering high-frequency details, high-
resolution datasets such as DIV2K [AT17], with 1,000 2K-
resolution images, are commonly used as benchmarks [RCO∗19].

Several large-scale human-centric image datasets have been in-
strumental in learning to texture people and clothing. The Deep-
Fashion dataset [LLQ∗16], with over 800k clothing images anno-
tated with attributes and landmarks, and Market-1501 [ZST∗15],
comprising 32,000+ multi-camera person images, serve as abun-
dant 2D sources of in-the-wild clothing appearance and are often
used as supervision or priors for methods that transfer garment ap-
pearance onto 3D human meshes. The MVC dataset [LCC16] pro-
vides multi-view photographs of about 37,000 clothing items with
attribute labels, enabling learning of view-invariant clothing tex-
ture representations. For faces, the FFHQ dataset [KLA19] (70,000
high-quality human face images) is often used to learn realistic fa-
cial appearance priors, including for facial texture or albedo synthe-
sis. Two additional datasets link images to human UV texture maps:
DensePose-COCO [GNK18] augments COCO images [LMB∗14]
with dense body-surface correspondences and part-specific UV co-
ordinates, facilitating supervised texture transfer and completion,
while the CMU Multi-PIE dataset [GMC∗08] provides multiview
facial images under varying illumination, supporting the learning
of consistent UV facial textures across viewpoints.

Finally, beyond established datasets, many works curate
task-specific data from internet imagery to suit particular
applications—e.g., assembling custom clothing-image collections
for texture exemplars or constructing custom 2D–3D correspon-
dences [ZWC∗24, YDPT21]. Such one-off datasets highlight the
community’s continuing need to fill gaps in data availability.

5.1.3. Dataset Preprocessing and Filtering

Meshes. Large-scale mesh repositories collected from the web
(e.g., Objaverse/Objaverse-XL [DSS∗23, D∗23]) exhibit substan-
tial variation in geometry, UV parameterizations, texture conven-
tions, and asset completeness, making careful preprocessing and
filtering important for stable training and fair evaluation. For in-
stance, even widely used collections contain many assets with miss-
ing or low-resolution textures, and reported cleaning pipelines of-
ten enforce minimum texture-resolution thresholds, exclude as-
sets with restrictive usage tags (e.g., terms related to “NoAI”),
and restrict the dataset to redistributable Creative Commons li-
censes before standardizing formats such as .glb for downstream

use [ZZMC25, LZS∗25, SXSX25]. Beyond basic sanity checks,
practical mesh filtering commonly includes: (i) geometry quality
checks (degenerate faces, corrupted topology, extreme scale/units,
missing normals/material assignments); and (ii) UV validity checks
(presence of UVs, invalid/NaN coordinates, severe overlaps, ex-
cessive fragmentation, or extremely low texel density), since UV
pathologies can directly translate into artifacts or unstable supervi-
sion when learning in UV space.

Recent texturing pipelines provide concrete examples of such
curation. TexGen [HGZ∗24] reports that web meshes come with
inconsistent “texture structures” and quality; it filters poor tex-
ture cases, re-unwraps meshes to a new parameterization, and
bakes diffuse color into the new UVs to obtain a consistent
training representation. For PBR-oriented supervision, Material
Anything [HWLW25] constructs Material3D by filtering Obja-
verse [DSS∗23] meshes to retain only assets with a sufficiently
complete material-map set (e.g., base color, roughness, metallic,
and bump), then re-unwrapping and consolidating parts to produce
UV-ready training data. Such steps also reduce confounds in eval-
uation: improvements in a learned model should not be attributable
to inconsistent UV layouts, missing maps, or broken assets.

A key additional consideration is PBR availability and imbal-
ance. High-quality multi-map materials are substantially less com-
mon than albedo-only textures or shaded renders; for example, Tex-
Verse [ZZMC25] curates 858K high-resolution textured models,
but only a subset (158K) contains PBR materials under standard
metalness–roughness or specular–glossiness workflows with the
requisite roughness/glossiness and metalness/specular channels.
This scarcity creates an inherent data imbalance between RGB-
only supervision and fully relightable PBR supervision, and mo-
tivates reporting dataset statistics (#assets with UVs, #with albedo-
only, #with full PBR sets, map resolutions) as well as clearly stat-
ing conversion choices (e.g., metalness–roughness vs. specular–
glossiness, map packing, and color-space conventions). Overall,
documenting preprocessing decisions helps readers interpret results
and improves reproducibility across datasets and renderers.

Images. When methods rely on reference or conditioning images
(e.g., as references [PWMAZ24]), basic curation helps prevent the
image domain from becoming a hidden source of artifacts and
bias. Common steps include (i) foreground isolation via segmen-
tation/matting (to avoid background leakage into the synthesized
texture), (ii) cropping to a region of interest and resizing to a con-
sistent resolution, and (iii) filtering for excessive occlusion, ex-
treme viewpoints, or low sharpness [PWMAZ24, STM∗22]. Some
pipelines additionally leverage region-level crops or masks to iso-
late the relevant appearance signal (e.g., material/print patterns) and
reduce interference from background clutter or occlusions; for ex-
ample, FabricDiffusion [ZWC∗24] conditions on a clothing image
together with region captures of its fabric materials and prints to
extract normalized textures/prints, which are then mapped onto the
target garment UVs. Overall, while image preprocessing is typi-
cally lighter-weight than mesh filtering, these steps improve robust-
ness and reduce spurious texture transfer driven by backgrounds or
irrelevant context.
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5.2. Evaluation Metrics

For neural 3D mesh texturing, ground-truth data are often un-
available. As a result, acceptable outputs vary by goal (e.g., trans-
fer, alignment, or conditioned synthesis), leading to task-specific
and non-standardized evaluations. In practice, most works report
a combination of image-based and asset-level criteria, assessing
distribution-level realism, per-instance fidelity, and semantic align-
ment, often complemented by user studies. For controlled com-
parison, evaluations are typically conducted on multi-view ren-
derings with fixed camera sets and lighting or environment maps,
with background masking when comparing to real photographs
to isolate object appearance. Robustness is also tested across
mesh types (organic vs. CAD-like, generated vs. artist-authored)
and is often accompanied by runtime analysis for practical rele-
vance [CKF∗23, RMA∗23, XZT∗24, LXLW24]. Below, we mark
↑ where higher metric values indicate better performance and ↓
where lower values are better.

Appearance Alignment. To measure how closely the distribution
of generated textured images matches real images or ground-truth
textures, authors often rely on GAN-style distribution metrics. The
Fréchet Inception Distance (FID; ↓) [HRU∗17] computes the 2-
Wasserstein distance [Vil09, DL82, Gel90] between Gaussian ap-
proximations of deep feature distributions (typically extracted us-
ing an Inception-V3 network [SVI∗16]) for rendered results and
reference images. Lower FID indicates that the generated distri-
bution is closer to the reference distribution. Similarly, the Ker-
nel Inception Distance (KID; ↓) [BSAG18] is an unbiased MMD-
based [GBR∗12] metric comparing sets of Inception features; it is
often preferred for smaller sample sizes. The Inception Score (IS;
↑) [SGZ∗16] measures both confidence and diversity by feeding
generated images into a pretrained classifier: sharp, class-consistent
predictions for individual images together with high entropy over
the marginal label distribution yield a higher IS. These distribution-
level metrics are most common when a unique ground-truth texture
is unavailable (e.g., style transfer) and realism or diversity should
match a target distribution. We note, however, that their usefulness
can vary: e.g., FID and IS are less sensitive to spatial alignment
or fine geometric detail, and reliable estimates generally require
sufficiently large sample sizes to reduce statistical noise. There-
fore, they are usually supplemented by more granular metrics as
described next.

Instance-Level Reconstruction Fidelity. When a specific target
texture or image is available for each 3D model (e.g. in texture
super-resolution or image-based texturing tasks), evaluation can
treat the problem as an image reconstruction task, and standard
pixel-wise or structural metrics from image processing can be em-
ployed. Peak Signal-to-Noise Ratio (PSNR; ↑) [ZIE∗18] and the
Structural Similarity Index (SSIM; ↑) [WBSS04, WSB03] are fre-
quently reported to quantify low-level fidelity—higher PSNR or
SSIM on rendered views indicates that the synthesized texture
preserves more detail and structure from the ground truth. Be-
cause these pointwise metrics often fail to reflect perceptual quality,
many works also use learned perceptual distances; for example, the
Learned Perceptual Image Patch Similarity (LPIPS; ↓) [ZIE∗18],
which measures distance using deep features, is a popular gauge of

human-perceived closeness (lower LPIPS means more perceptually
alike), especially in texture super-resolution. If the task involves se-
mantic or part-aware accuracy, and ground-truth regions are avail-
able (such as in Texture Alignment [CYF22]), Intersection-over-
Union (IoU; ↑) or other overlap measures can be used to evaluate
how well the predicted textures align with those regions.

Prior-Guided Semantic Alignment. In many neural texturing
scenarios, the goal is for the output texture to match some in-
put descriptions such as a text prompt, a style image, or the vi-
sual characteristics of a source domain. Here, evaluation lever-
ages pretrained models as “priors” to score alignment. A common
choice is CLIP [R∗21]: the CLIP Score (image–text cosine simi-
larity; ↑) [HHF∗21] measures how well a rendered image of the
textured mesh matches a given text prompt in CLIP’s joint em-
bedding space, while CLIP-Var (image–image cosine similarity;
↑) [LFW∗24] evaluates the consistency of multi-view renderings of
the textured mesh. Likewise, for text-to-texture tasks, authors also
report CLIP R-Precision (↑) [PAL∗21], which measures whether
the correct text prompt is retrieved among a set of distractors using
CLIP embeddings. In practice, this retrieval-based metric serves
as a reasonable proxy for human judgments of text–image corre-
spondence [LYC∗24]. Additionally, some works report the CLIP–
Aesthetic Score (↑), which is a no-reference regressor over CLIP
embeddings trained to predict perceived visual appeal. This com-
plements semantic alignment metrics but does not directly assess
alignment with a prompt [Sch22].

Beyond CLIP, other perceptual or semantic priors also inform
evaluation. Some works compute feature-space distances such as
Feature-ℓ1/ℓ2 (↓) between rendered outputs and target images us-
ing pretrained CNN features (e.g., VGG [SZ15]). These distances
provide a perceptual or semantic fidelity measure and are widely
used in settings such as style transfer and image-based optimiza-
tion [GEB16,KUH18]. No-reference image quality models are also
repurposed to assess textures: the Blind/Referenceless Image Spa-
tial Quality Evaluator (BRISQUE; ↓) [MMB12] measures devia-
tions from natural scene statistics, so lower BRISQUE generally in-
dicates more natural-looking outputs. Similarly, Generative Image
Quality Assessment (GIQA; ↑) [GBCW20] uses a learned model to
predict the quality of each generated image. A higher GIQA score
indicates better per-image quality, complementing FID’s dataset-
level view.

Very recently, researchers have begun leveraging multimodal
large language models for evaluation. One example is the MLLM
Score (↑) [HSX∗23, HDS∗25], which prompts a vision–language
model to assess how well an image satisfies a textual instruction
or description. Finally, we note that certain metrics target specific
texture properties. For instance, TexTile (↓) [RPCGLM24] is a
learned metric designed to quantify the tileability of a texture (i.e.,
whether it can repeat without visible seams) [ZWC∗24]. In sum-
mary, prior-guided metrics enable evaluation of semantic correct-
ness, style consistency, proxy visual realism, and multi-view con-
sistency, using powerful pretrained models to capture what simple
pixel metrics cannot.

Human Perceptual Evaluation (User Studies). Given the inher-
ent ambiguities of the task, the ultimate assessment of texture qual-
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ity often relies on human perception. Many surveyed works in-
clude user studies to compare perceptual quality and user prefer-
ence [PWMAZ24,RMA∗23,CSL∗23]. Despite the variety of quan-
titative metrics, user studies remain essential for evaluating percep-
tual realism and semantic satisfaction, though they are subjective
and not perfectly reproducible. Common strategies to reduce bias
include diversifying participants and evaluation tasks, randomiz-
ing presentation order, and carefully controlling comparison proto-
cols. Typical study designs include pairwise A/B preference tests
reporting the win rate (↑), ranking tasks reporting the average
rank (↓), and absolute rating studies yielding a mean opinion score
(MOS) (↑) [ITU19].

User studies are typically reported across multiple aspects: over-
all quality; structural guidance alignment (respecting mesh seman-
tics during texturing) [XZT∗24]; stylistic guidance alignment; level
of detail and presence of artifacts [CKF∗23]; seam visibility; diver-
sity; and 3D consistency across views [LXLW24]. In practice, user
studies are most informative when interpreted alongside quantita-
tive metrics.

In a field where no single metric is sufficient, a multifaceted
evaluation strategy that combines distribution-level statistics, per-
instance accuracy, semantic alignment, user studies, runtime anal-
ysis, and robustness tests across different inputs offers the most
holistic view of a method’s performance. Each class of metrics cap-
tures a distinct aspect of the textured output, and together they re-
veal the complementary strengths and trade-offs of neural 3D tex-
turing approaches in the literature.

6. Applications

Neural 3D mesh texturing supports a broad range of task set-
tings and downstream applications. Research has progressively ad-
dressed complementary problem settings, including synthesizing
textures from text [RMA∗23, CSL∗23] or images [PWMAZ24],
estimating physically based (PBR) materials [CCL∗22, ZLX∗24],
aligning category-level UVs [CYF22], completing missing appear-
ance on partial scans [CPM20], localized texturing [DLAH24],
and scene-scale texturing [WLX∗24, HYC∗25, YGC∗24]. Beyond
benchmarking, these advances map naturally to practical use cases
across content creation, telepresence, visualization, simulation,
gaming, and fabrication, where the final output is often a UV-
parameterized mesh—and increasingly a full PBR material stack—
whose appearance can be edited, relit, and rendered efficiently
(Fig. 24):

• Asset creation for games, XR, and robotics. Text- and
image-guided pipelines generate high-quality textures on fixed
meshes from high-level prompts or exemplars, accelerating
look development, style exploration, and re-skinning; repre-
sentative systems include prompt-driven and diffusion-guided
UV synthesis [RMA∗23, CSL∗23, CKF∗23, LXLW24]. Out-
puts integrate with real-time engines via PBR material maps
(albedo/roughness/normal, etc.), enabling fast relighting and
consistent deployment across platforms [CCL∗22, CCJJ23]. In
practice, teams can use these models to produce on-brand vari-
ants (e.g., seasonal skins) while preserving decals and layout fi-
delity inherited from the mesh UVs [RMA∗23, CSL∗23]. More

Figure 24: Applications of 3D mesh texturing in games and
VFX. Textures add material detail and realism to production assets
such as game characters (left) and digital humans (right). Figure
adapted from [Dem24, Wol17].

broadly, diversified textures on scene meshes are often used in
simulation to improve sim-to-real transfer for perception and
control in robotics [TFR∗17].

• Digital humans and telepresence. Neural textures for de-
formable meshes offer temporally stable, high-fidelity avatar
rendering, reenactment, and appearance editing, making them
relevant to telepresence and virtual production [TZN19]. Related
pipelines transfer garment patterns and prints to clothed-body
meshes while respecting canonical UVs or part correspondences,
supporting virtual try-on and fashion prototyping [NKML25,
ZWC∗24]. When PBR is required, texturing methods that es-
timate SVBRDF channels enable realistic relighting and integra-
tion into real or virtual environments [CCL∗22, ZLX∗24].

• E-commerce and product visualization. For product visualiza-
tion, texturing techniques enable fabric, leather, or finish swaps
on a single mesh, allowing customized previews and photoreal
variants. Diffusion- and image-conditioned approaches can re-
duce manual authoring time while preserving brand constraints
and UV semantics [PWMAZ24, YHK∗24].

• 3D stylization and look development. Optimization and feed-
forward methods that modify appearance directly on 3D sur-
faces or meshes enable consistent, multi-view stylization (e.g.,
painterly, toon, or brand-specific styles) with artist-in-the-loop
control; coupling semantic guidance (text/image) with structural
cues (normals/depth) improves fidelity and geometry awareness
for interactive authoring [MBOL∗22, HJN22, PWMAZ24].

7. Limitations

While 3D mesh texturing has advanced rapidly with the advent of
diffusion-driven generative pipelines, several important challenges
remain:

• Incomplete texturing from multi-view projection. Methods
that texture a mesh by iteratively projecting and inpainting
from multiple rendered views—e.g., TEXTure, Text2Tex, and
TexFusion—are effective and convenient because they leverage
off-the-shelf, pre-trained text-to-image diffusion models and re-
quire little or no task-specific training. However, they inherently
cover only camera-visible regions in each step; self-occluded or
rarely visible areas may remain underspecified and require post-
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hoc fixes. Even with heuristics for next-best-view scheduling and
partial texture masks, view-to-view inconsistency and residual
holes are common failure modes [RMA∗23, CSL∗23, CKF∗23,
LXLW24]. Recent formulations that synchronize multi-view de-
noising improve global consistency, but do not fully eliminate
occlusion-driven gaps on challenging geometry [LXLW24].

• Small and imperfect open-source datasets for textured as-
sets. Large-scale 3D repositories (e.g., Objaverse/Objaverse-XL)
provide breadth and diversity, yet textures are heterogeneous in
quality, licensing, and parameterization, and rarely include phys-
ically based (PBR) channels at scale [DSS∗23,D∗23]. Dedicated
material datasets exist—from measured SVBRDFs to modern
CC0 PBR collections—but they typically provide 2D material
assets (planar patches) rather than curated, high-quality, per-
mesh UV textures suitable for training texturing models end-to-
end [MXZ∗23, VD24]. As a result, supervision remains limited
for learning high-fidelity, mesh-aligned appearance.

• Generalization and factorization of appearance. Mod-
els trained on small or weakly curated datasets can bake
view-dependent effects (specularities, shadows) into albedo
and struggle to predict physically meaningful material maps
(albedo/roughness/metalness) that generalize across objects and
lighting. Progress in neural inverse rendering and reflectance de-
composition underscores both the promise and the difficulty of
robust, disentangled estimation under unknown illumination and
complex geometry [ZSD∗21, BBJ∗21, MXZ∗23]. Foundational,
broadly generalizable material estimators for in-the-wild meshes
remain an open problem.

• Computational cost and memory footprint. High-resolution
UVs (multi-UDIM, 8–16 K) and multi-view diffusion sampling
are expensive in time and GPU memory. Although distillation
and consistency-model techniques offer a path to reducing sam-
pling steps, pipelines that couple high-resolution UV baking
with multi-view regularization are still resource-intensive, espe-
cially in academic settings [LTH∗23, CKF∗23, CSL∗23].

8. Conclusion and Future Work

Neural 3D mesh texturing has rapidly developed into a vibrant re-
search area, with growing impact on 3D asset creation for VFX,
e-commerce, advertising, gaming, and related industries. Recent
advances in diffusion models, vision–language priors, and differ-
entiable rendering have significantly expanded the capabilities of
automated texture generation, enabling workflows that are more
scalable, expressive, and less reliant on manual intervention.

In this survey, we presented a comprehensive overview of
this field, categorizing methods into foundational neural ap-
proaches, optimization-based methods, and accelerated diffusion-
based pipelines, while analyzing their design choices in terms of su-
pervision, guidance, and architectural patterns. Alongside a review
of current datasets, evaluation strategies, and practical applications,
we identified key limitations related to occlusion-aware synthesis,
dataset quality, the generalization and factorization of physical ap-
pearance, and computational cost.

Looking ahead, future work in neural mesh texturing will likely
expand along multiple directions, including greater scale, dynamic
and deformable settings, and continued improvements in quality,

controllability, and interactivity, alongside related advances in part-
aware 3D understanding [PVN∗25]. We outline a few concrete
problems below:

• Texturing 3D scenes. Compared with individual 3D objects,
scenes exhibit greater geometric diversity and looser structural
relationships among constituent objects. This added complexity
makes scene-level texturing more challenging, particularly when
enforcing appearance consistency across objects, materials, and
spatial context.

• Geometry-aware view planning and coverage. Beyond heuris-
tic camera schedules, optimization- or learning-based view plan-
ning that explicitly maximizes surface coverage and uncer-
tainty reduction could mitigate self-occlusion while minimiz-
ing redundant renderings. Integrating coverage metrics with syn-
chronized multi-view denoising may further reduce inconsis-
tency [CSL∗23, LXLW24].

• Dynamic textures and materials. With video diffusion mod-
els maturing, generating temporally coherent animated textures
(e.g., flowing patterns or wear over time) is a natural extension.
Ensuring temporal stability across UV seams and under motion,
including deforming meshes, poses new challenges in condition-
ing, regularization, and evaluation [KKW∗23].

• Deformation- and correspondence-aware texturing for dy-
namic meshes. Extending static pipelines to articulated
or topology-varying meshes requires correspondence-robust
mapping across frames or poses and appearance transport
that respects stretch, compression, and contact. Combining
deformation-aware parameterization with multi-view diffusion
priors is a promising direction.

• Scalability and speed. Practical adoption benefits from faster
sampling (few-step or distilled samplers), tile- and patch-based
UV generation with seamless blending, and memory-efficient
training and inference for multi-UDIM assets. Recent latent con-
sistency approaches suggest a promising path toward substantial
speedups while preserving fidelity [LTH∗23].

• Faithful material decomposition and relightability. Joint es-
timation of mesh-aligned albedo, normal, roughness, metallic-
ity, and environment illumination remains difficult at scale. Hy-
brid pipelines that couple diffusion priors with physically moti-
vated inverse rendering, and that train against measured or high-
quality synthetic SVBRDF corpora, could yield more robust and
relightable assets [ZSD∗21, BBJ∗21, MXZ∗23].

Last but not least, there is still a pressing need for curated,
rights-cleared benchmarks of textured meshes with high-resolution
UVs and, ideally, PBR channels, paired with standardized metrics
for multi-view consistency, seam visibility, and perceptual quality
under novel lighting and viewpoints. Recent dataset efforts pro-
vide important building blocks, but they do not yet provide mesh-
aligned supervision at scale [DSS∗23, MXZ∗23, VD24].
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