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Figure 1. Meta 3D TextureGen: examples of generated textures. Given a 3D shape and a textual prompt, our method generates globally
consistent, high-quality textures in under 20 seconds, while maintaining text faithfulness for both realistic and stylized text prompts.

Abstract

The recent availability and adaptability of text-to-image
models has sparked a new era in many related domains that
benefit from the learned text priors as well as high-quality
and fast generation capabilities, one of which is texture gen-
eration for 3D objects. Although recent texture generation
methods achieve impressive results by using text-to-image
networks, the combination of global consistency, quality,
and speed, which is crucial for advancing texture genera-
tion to real-world applications, remains elusive.

“Equal contribution

To that end, we introduce Meta 3D TextureGen: a new
feedforward method comprised of two sequential networks
aimed at generating high-quality and globally consistent
textures for arbitrary geometries of any complexity degree
in less than 20 seconds. Our method achieves state-of-
the-art results in quality and speed by conditioning a text-
to-image model on 3D semantics in 2D space and fusing
them into a complete and high-resolution UV texture map,
as demonstrated by extensive qualitative and quantitative
evaluations. In addition, we introduce a texture enhance-
ment network that is capable of up-scaling any texture by
an arbitrary ratio, producing 4k pixel resolution textures.



1. Introduction

3D generative models have advanced considerably, in part
thanks to the impressive progress in text-to-image [13, 16,

, 44, 46, 47] and text-to-video [17, 22, 52] generation.
These advances concern three related fronts: (i) gener-
ation of 3D shapes, including the development of new
and powerful shape representations [, 10, 37, 51, 62],
(ii) generation of textures [0, 8, 34, 45]; and (iii) com-
bined generation of shape and texture, often called ‘text-
to-3D’ [25, 26, 40, 49, 57]. As new shape representations
usually include appearance information too, areas (i) and
(iii) are converging. However, texture generation remains
important, as it allows to control appearance independently
of shape, and is applicable to any 3D asset, whether pro-
duced by an artist or generated automatically.

“Moonlight is sculpture; sunlight is painting”. After the
subtleties of geometry, textures and colors add a remarkable
layer of expressiveness, as implied in this famous quote by
Nathaniel Hawthorne [19]. Creating textures is a key mode
of expression for 3D artists and crucial to the impact of 3D
content in applications such as gaming, animation, and vir-
tual/mixed reality. However, creating high-quality and di-
verse textures, whether realistic or stylized, is difficult and
time-consuming, particularly for complex 3D shapes, and
requires specific professional skills.

Contrary to image and video generation, where billions
of images and videos are available for training, 3D genera-
tion is hampered by the lack of large-scale 3D datasets. For
this reason, 3D generation networks, including texture gen-
eration, are often derived from pre-trained image or video
generation networks. This allows texture generators to in-
herit some of the qualities of their peers, including realism,
faithfulness and open-ended nature, while only utilizing a
comparatively small amount of 3D training data. However,
there are still significant quality and speed gaps between
texture and 2D image and video generation:

(i) Global consistency and text faithfulness. The gap
between the image-text relationship when generating a sin-
gle image compared to generating a sequence of images or
views, translates to a lack of global consistency and text
faithfulness in the generated texture. This is further inten-
sified by the strong bias of text-to-image models towards
frontal views, as well as their lack of 3D understanding.
These inconsistencies range from small texture misalign-
ments (often referred to as “seams”), to a lack of symmetry
or an overall incoherent look, to catastrophic failures such
as the “Janus effect” [59], where multiple instances of a
given anatomical feature (e.g. a face or an eye) appear in
multiple places across the object.

(ii) Semantic alignment with the target 3D shape. The
text-to-image model is required to generate texture that fits
the given 3D object, and must thus be conditioned on its
shape. However, fusing fine 3D shape information into 2D

space in a coherent manner, such that fine 3D information is
preserved yet translated efficiently to 2D space is difficult to
achieve. Previous attempts generated texture by either con-
ditioning in UV space on vertex or normal maps [66], or in
image space, on depth maps [67]. However, they struggle
with precise alignment and fine-detail preservation, result-
ing in lower texture quality for highly detailed 3D objects,
which is a considerable limitation.

(iii) Inference speed. While previous methods rely
on iterative generation for improving global consistency
and gaining complete shape coverage, they require mul-
tiple generation steps, ranging from several to thousands
of forward passes, such as via Score Distillation Sampling
(SDS) [40]. This results in a long inference time of minutes,
which is compute intensive and renders these methods un-
suitable for many practical use cases, such as user-generated
content applications, or allowing designers to perform quick
iterations as part of their creative process.

We introduce Meta 3D TextureGen, a new texture gener-
ation method that successfully addresses these gaps, while
attaining state-of-the-art results. Our method is fast, as it
only requires a single forward pass over two diffusion pro-
cesses. The method achieves excellent view and shape con-
sistency, as well as text fidelity, by conditioning the first
fine-tuned text-to-image model on 2D renders of 3D fea-
tures, and generating all texture views jointly, accounting
for their statistical dependencies and effectively eliminating
global consistency issues such as the Janus problem.

The second image-to-image network operates in UV
space, it creates a high-quality output by completing miss-
ing information, removing residual artifacts, and enhancing
the effective resolution, bringing our generated textures to
being close to application-ready. Moreover, we introduce
an additional network that enhances the texture quality and
increases resolution by an arbitrary ratio, effectively achiev-
ing a 4k pixel resolution for the generated textures.

To the best of our knowledge, this is the first ap-
proach to achieve high quality and diverse texturing of
arbitrary meshes using merely two diffusion-based pro-
cesses, without resorting to costly interleaved rendering or
optimization-based stages. Moreover, this is the first work
to explicit condition networks on geometry in 2D, such as
position and normal renders in order to encourage local and
global consistency, finally alleviating the Janus effect.

Samples of our generated textures are provided on a di-
verse set of shapes and prompts throughout the paper, as
well as on static and animated shapes in the video.

2. Related work
2.1. Image generation

A number of architectures have been proposed for text-to-
image synthesis, including earlier efforts using Generative
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Figure 2. Method overview. Given an input shape and a text prompt, Meta 3D TextureGen generates a globally consistent high-quality
texture in less than 20 seconds. The first stage (left) consists of a geometry-aware text-to-image model that generates a multi-view image
of the generated texture, conditioned on renders of the normal and position maps over the input mesh. The second stage (right) consists
of a projection of the generated texture renders back to UV space while taking into account the normals and camera angles (weighted
incidence). The combined backprojections are then fed into the UV-space inpainting network along with a guiding inpainting mask, as
well as the vertex and position UV maps, which generates a complete texture map in UV space. The generated texture map can optionally
go through a MultiDiffusion texture enhancement network to increase the resolution by an arbirary ratio.

Adversarial Networks [18]. Some more recent variants are
based on transformers (e.g. DALL-E [42], CogView [15],
Make-a-Scene [16], Parti [65]) and Muse [7]). Another pop-
ular class of text-to-image generators builds on pixel-space
or latent diffusion models [21], including eDiff-I [2], Ima-
gen [47], unCLIP [44], Stable Diffusion [46], SDXL [39],
EMU [13] and others. In this work, we are starting with a
pre-trained latent diffusion model with an architecture sim-
ilar to EMU [13] and further extend it to our task.

2.2. Multi-view generation

The field of multi-view generation, which involves the gen-
eration of multiple perspectives of a single object or scene
from noise or a few reference images, has demonstrated its
utility in the generation of 3D shapes. Zero-1-to-3 [28]
and Consistent-1-to-3 [63] generate novel views through
viewpoint-conditioned diffusion model. Zerol123++ [48],
MVDream [49] and Instant 3D [25] opt for a grid-like gen-
eration of six and four views respectively. ConsistNet [01]
use a different diffusion process for each view and intro-
duce a 3D pooling mechanism to share information be-
tween views. Additional layers and architectures to enhance
multi-view consistency are proposed by SyncDreamer [29],
Consistent123 [58], DMV3D [60] and MVDiffusion++ [54]
which denoise multiple views of the 3D object simultane-
ously. The obtained multi-view images in these works are
then utilized as guidance to reconstruct the texture and ge-
ometry of a 3D object.

In contrast to our task of texture generation, these models
are designed for the generation of 3D objects, where the ge-
ometry is not predetermined and is concurrently produced
with the texture. This application inherently provides the
flexibility to modify the geometry to achieve more consis-
tent multi-view images, for both texture and geometry.

2.3. Texture generation

Texture generation aims to create high-quality and real-
istic or stylized textures for 3D objects based on textual
descriptions. Early works, such as CLIP-Mesh [36] and
Text2Mesh [35] proposed to optimize a texture via differen-
tiable rendering, using CLIP [41] guidance to match the text
prompt. Other optimization-based methods such as Fan-
tasia3D [9], Latent-Paint [34] and Paint-It [64], combine
differentiable rendering with SDS [40] to utilize gradients
from diffusion models. Texturify [50] and Mesh2Tex [5]
opt for a GAN-based approach incorporating a latent texture
code and a mapping network similarly to StyleGAN [23].
The rapid emergence of large-scale text-to-image models,
particularly diffusion models, has led to several advance-
ments in texture generation. Several methods, such as Tex-
Dreamer [31] and Geometry Aware Texturing [1 1] aim to
generate a UV map in a straight-forward manner, apply-
ing the diffusion process directly in UV space. While these
methods tend to be fast, they are limited to human texture
generation and clothing items respectively, and cannot gen-
eralize to arbitrary objects. Point-UV Diffusion [66] pro-
poses a point-cloud diffusion approach to generate a colored
point-cloud, which colors are subsequently projected onto
the UV map for further refinement, yet requires to train a
separate model for each object category, and does not gen-
eralize to arbitrary objects.

A significant area of work, which includes TEX-
Ture [45], Text2Tex [8], Intex [53] and Paint3D [67], con-
sists of iterative inpainting using pre-trained depth-to-image
diffusion models in a zero-shot manner. This involves
generating a single view at a time and iteratively rotat-
ing the mesh until a sufficient area is covered, using inter-
leaved renderings as guidance for further inpainting steps.
While these approaches are training-free, their inference



runtime is signi cant and can take a few minutes for a sin-
gle generated texture. Moreover, they are not 3D-aware
and are prone to producing artifacts such as the “Janus”
effect. SyncMVD [30] adopted the same zero-shot ap-
proach while employing different diffusion processes for
each view and synchronizing the output at each step, lead-
ing to better quality textures, yet suffering from the same
global consistency issues. TexFusion [6] alleviates con-
sistency issues by adding a module which performs de-
noising diffusion iterations in multiple camera views and
aggregates them through a latent texture map after every
denoising step. FlashTex [14], similarly to our approach,
trains on a 3D dataset and generates a four-view grid. As
conditioning, they use renderings of the shape with three
) ) ) >R ; @) (b) (©)
different materials, which are then combined into a sin-
gle three-channel image. Subsequently, they use an SDSigure 3. Contrary to (a) depth renders, (b) position renders are
optimization-based stage to distill information from their global rather than view-dependent, and (c) normal renders contain
trained multi-view model, resulting in a signi cant runtime  high-frequency details.
of 2 minutes. Meshy [33], a commercial product for which
we do not have the complete technical details, tends to pro-
duce better results quality-wise than some methods men-3-2- UV maps

tipned above. Yet, their textures exhibit globa}l inconsi§ten— We bake each channel into a texture in UV space. This
cies, as weII. as (_)vgr-saturated colors, text alignment ISSUe$)rocess involves producing a UV layout for each shape and
and blurred inpainting of self occlusions. baking the texture to an image.

UV layout. Our in-house dataset contains objects from
various sources which may have various UV layouts, from
Our method takes a representation of the 3D shape featurefyouts meticulously created by an artist, to scanned objects
in the form of rendered images and baked texture maps inwith a procedurally generated layout, and objects with par-
UV space, which are used in the rst and second stage re-tial or corrupt UV layout. A single object may contain many
spectively. Here we detail the different channels that we texture les, in which case the UV layout of each part may

3. Preliminaries and data processing

render for each shape. overlap the layout of parts that are mapped to a different
texture. For our method, we require a UV layout that maps

3.1. Shape renders the shape onto a single square texture with no overlappin
p gle sq pping

We render the following channels for each shape. EachUV islands, so we automatically rearrange the UV islands
channel is rendered from four views which are stitched to Of the shape such that there is no overlap between them.
a single image. For objects that do not have a suitable UV map, we gener-
Combined pass. As ground truth data used for training, ate @ new UV map using BlendetSmart Projectfeature,
which is not extracted at inference time, we render the shapend lter out objects for which this process fails to produce
with all material properties. This render, often referred to as & desirable UV layout.

“peauty pass”, preserves lighting effects and material prop-Baked channels. We use Blender to bake tleambined
erties that are applied to the object. These are crucial toposition and normal passes mentioned above to the UV
preserve to correctly represent different types of materialsspace. Baking a texture is a similar process to rendering
such as wood, plastic, metal, etc., which react differently to an object, but the rendered pixel are written to the corre-
light and thus cannot be represented faithfully using only sponding location on the UV map rather than being painted
their diffuse color. We use Blender [12] to render the com- in the render view. Theombinedpass is used as the target
bined pass with even lighting from all directions. image for training, while thpositionandnormalpasses are
Position and normal passes. These are used as condi- used as conditioning for the network.

tioning for training and inference. Each pixel in the posi- Backprojected textures. To simulate the input textures
tion pass represents the XYZ position of the correspondingthat are produced by the rst stage, we take the color ren-
point on the shape, and each pixel in the normal pass repreders of the shape and project them onto the texture in UV
sents the normal direction of the shape at the correspondingpace, using the same process as described in Sec. 4.2.1.
point. Both are normalized to the ranffi21] and rendered  The network goal is to reconstruct the full texture map from
without lighting, hence written as-is to the output image.  these partial views.






