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Figure 1. A gallery of diverse, high-fidelity, and seamless textures generated by our 3D-native framework, Lafite.

Abstract

Generating high-fidelity, seamless textures directly on 3D
surfaces, a process we term 3D-native texturing, is a fun-
damental open challenge, promising to overcome the lim-
itations of traditional UV-based and multi-view projection
methods. While promising, existing native approaches are
bottlenecked by the lack of a powerful and versatile latent
representation, severely limiting the fidelity of generated re-
sults. In this work, we identify this representation gap as
the central roadblock to progress. We introduce Lafite, a
framework that resolves this challenge by learning to gener-
ate textures as a 3D generative sparse latent color field. At
its core, Lafite leverages a variational autoencoder (VAE)

to encode complex surface appearance into a sparse, struc-
tured latent space and then decoded into a continuous color
field. This novel representation achieves unprecedented fi-
delity, i.e., yielding a >10 dB PSNR improvement in recon-
struction over state-of-the-art methods, by effectively dis-
entangling texture from mesh topology and UV parameter-
izations. Building on this superior representation, a condi-
tional rectified flow model synthesizes textures with state-of-
the-art quality and coherence. Extensive experiments show
that Lafite not only sets a new standard for native textur-
ing but also enables flexible downstream applications like
editing and material synthesis, paving the way for the next
generation of 3D content creation workflows.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
The automated generation of high-quality 3D content has
become a cornerstone of modern computer graphics and vi-
sion. While significant strides have been made in generat-
ing complex 3D geometry [73, 86], the creation of detailed,
seamless, and coherent textures remains a major bottleneck.
Textures often contribute more to the visual richness and re-
alism of an asset than the geometry itself. As such, devel-
oping powerful generative models for texturing is a critical
and defining challenge for the next generation of AI-driven
content creation.

Current approaches for texture generation predominantly
fall into two categories, both of which are inherited from
2D-centric paradigms and suffer from fundamental lim-
itations. The most common approach involves generat-
ing multiple 2D images of an object from different view-
points and then projecting them back onto the mesh sur-
face [10, 26, 41, 44, 53]. This “multi-view projection” strat-
egy is inherently flawed; it struggles to reconcile inconsis-
tent predictions caused by occlusions and view-dependent
lighting, inevitably leading to conspicuous seams and arti-
facts that require complex post-processing to fix. An alter-
native approach is to generate textures directly in a 2D UV-
unwrapped space [82]. However, this method trades one
set of problems for another. It becomes critically dependent
on a mesh’s UV parameterization, which is non-unique and
often introduces severe distortions, leading to textures that
are warped or contain seams along UV island boundaries.
These approaches are symptomatic treatments, not a cure
for the underlying challenge of creating truly 3D-native ap-
pearance.

We argue that the only way to guarantee spatial coher-
ence and seamlessness is to generate textures directly in 3D
space. This native approach sidesteps the inherent contra-
dictions of 2D-based methods. If this path is so clearly su-
perior, why has it not yet dominated? The central road-
block, and the primary focus of this work, has been the lack
of a suitable 3D texture representation. An ideal represen-
tation for generative modeling must satisfy three criteria: it
must be expressive enough to capture high-frequency de-
tails; it must be decoupled from the mesh’s specific topol-
ogy and UV coordinates; and it must be compact and
structured enough to be learned effectively by a generative
model.

To address this critical representation gap, we introduce
Lafite, a framework built on the central insight that a pow-
erful generative model of texture must first learn a power-
ful representation of it. We propose to model texture as a
3D generative sparse latent color field, and design a novel
variational autoencoder (VAE) to learn its structure from
data. Our VAE encodes the appearance of a 3D asset, rep-
resented as a dense colored point cloud, into a sparse, struc-
tured latent feature. This representation is powerful because

it is local and continuous; it concentrates modeling capac-
ity near the object’s surface and can be queried at any point
in space to reconstruct fine-grained details. This fundamen-
tally disentangles texture from the discrete, and often prob-
lematic, mesh connectivity and UV coordinates.

Furthermore, Lafite introduces a second key insight in
how it conditions the generative process. We found that the
geometry of the mesh is implicitly but powerfully captured
by our VAE’s encoder. By encoding an uncolored (“white”)
version of the mesh, we can extract a pure geometry latent
that provides a complete, occlusion-free 3D shape prior.
This elegant maneuver allows us to condition our genera-
tive model on a perfect 3D geometric signal that is inher-
ently aligned with the texture representation, all without the
need for a separate, complex geometry encoder. This syn-
ergistic design of representation and conditioning is the key
to Lafite’s ability to synthesize textures with state-of-the-art
quality and coherence.

Our main contributions are summarized as follows:
• A High-Fidelity Latent Field Representation: We are

the first to propose and learn a generative latent field for
native texturing via a VAE, achieving state-of-the-art re-
construction fidelity (>10 dB PSNR improvement over
prior work) that is fully decoupled from mesh topology.

• A Unified Texture Generation Framework: We intro-
duce a highly effective method for geometry conditioning
by reusing our texture encoder to create a pure geome-
try latent, ensuring perfect alignment and eliminating the
need for auxiliary networks.

• State-of-the-Art Native Texturing: Lafite significantly
outperforms all existing native and projection-based
methods, delivering seamless, detailed, and coherent tex-
tures across a diverse range of complex 3D assets.

2. Related Work
3D Representations and Generative Models. The field
of 3D content generation has rapidly evolved, driven by
advances in both underlying 3D representations and the
neural models that create them. Research has explored
a wide range of representations, from implicit fields like
SDFs [13, 55], UDFs [22, 55], or hybrid ones [69, 76] to
explicit structures like meshes [12, 51, 64], point clouds,
and 3D Gaussian Splatting [33, 72]. The generative models
and methods themselves have progressed from score-based
distillation [24, 40, 57, 68, 70, 81] on differentiable repre-
sentations to powerful 3D-native models. A key component
in many modern systems is the intermediate neural repre-
sentation, such as triplanes [9, 29, 37, 87, 92], sparse la-
tents [25, 71, 73], or VecSets [38, 67, 86, 88], which encode
3D information for the generative model. While this body
of work provides the foundation, it has largely focused on
geometry; our work tackles the distinct challenge of a gen-
erative representation for texture.
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Multi-view Texture Synthesis. A recent common
paradigm for texturing is to synthesize multiple 2D views
and project them onto a mesh. Initial works, enabled by
powerful 2D diffusion models, faced a trade-off between
slow, per-object optimization [23] and progressive gener-
ation [8, 10, 61] that risked view misalignment. Subse-
quent research has therefore focused on improving multi-
view consistency [14, 20, 44, 46], either by synchronizing
the denoising process across views or by jointly generating
all views [6, 26, 41, 78, 83, 88]. Orthogonal to consistency,
a major thrust has been generating physically-based render-
ing (PBR) materials [7, 11, 18, 26, 31, 50, 65, 79, 89, 91] to
support realistic relighting [28, 35, 85]. The flexible view
selection scheme [34] helps reduce occlusion, while making
it even harder to maintain consistency due to the diversified
geometry. While increasingly sophisticated, these methods
all grapple with the fundamental ill-posedness of reconcil-
ing multiple 2D images into a single, coherent 3D surface,
a problem our native approach sidesteps entirely.
Native Texture Generation. To circumvent the inherent
issues of 2D projection, native approaches generate texture
directly in the object’s own space. Some methods operate in
a 2D UV-unwrapped space [30, 82, 83], but this makes them
dependent on a non-unique and often distorted parameteri-
zation. Others try to adopt a colored point cloud attached to
the surface as texture [19], suffering from an excessive num-
ber of tokens for intricate details during the diffusion pro-
cess and rendering issues. A more robust direction, and the
one we pursue, is to represent textures natively in 3D. Prior
works have explored this by learning on mesh surfaces [63],
3D texture fields [32, 41, 53, 73, 74], and generating col-
ored point clouds or 3DGS [42, 75, 80] to define spatial
texture. However, these pioneering native works have been
limited by their chosen representations, which can strug-
gle to capture high-frequency detail within a compact latent
space suitable for high-fidelity generative modeling.

3. Method
We introduce Lafite, a generative framework for seam-
less, high-fidelity native texturing on arbitrary mesh topolo-
gies. At its core is a novel latent representation of 3D
texture, which we detail along with its VAE architec-
ture (Sec. 3.1). We then describe our conditional gener-
ation model (Sec. 3.2), various downstream applications
(Sec. 3.3), and our data curation pipeline (Sec. 4).

3.1. The Lafite Representation: A VAE for Sparse
Latent Color Field

Unlike dense representations such as triplanes [9, 62] or
dense grids [49], we adopt a more efficient sparse struc-
ture that has been widely used in recent advanced mod-
els [25, 39, 73]. Specifically, we discretize 3D space into
a voxel grid, storing information only in active voxels near

the object’s surface. Within each active voxel, a continuous
implicit function defines the local color field. This hybrid
approach efficiently concentrates modeling capacity and
memory, handles arbitrary topology, and enables the query-
ing of continuous, high-frequency details. To learn this rep-
resentation, we design a variational autoencoder (VAE) that
maps a densely sampled colored point cloud into a compact,
sparse latent space, from which the continuous color field is
subsequently decoded.
Texture Encoding. Recent 3D generative models [73] typ-
ically achieve this by projecting pre-trained 2D features
(e.g., DINO) [54, 66] from multiple camera views onto
the on-surface sparse voxels. While effective, this strat-
egy exhibits three fundamental limitations: 1) The projec-
tion process is view-dependent, causing inconsistencies or
ambiguity in occluded regions; 2) Pretrained 2D features
have limited resolution, restricting high-frequency surface
detail; 3) Features are tied to the 2D foundation knowledge,
which may not optimally represent fine-grained 3D surface
attributes such as PBR materials.

In contrast, we propose constructing a representation that
directly and unbiasedly captures the high-fidelity texture of
a 3D asset by using a colored point cloud P = {xi =
(pi, ni, ci)} densely sampled from the textured mesh M.
Specifically, we uniformly sample points pi together with
their corresponding normals ni and raw colors ci, which
serve as the input to the texture encoder. This provides
the encoder with native, unoccluded, and view-independent
surface information, minimizing information loss and form-
ing a more accurate ground truth for representation learning.

Given this point cloud, we adopt an encoder architecture
similar to SparseFlex [25], but replacing the PointNet [58,
59, 77] with a specialized point-voxel attention mechanism
for robustly fusing point features within each voxel. This
encoder compresses the detailed, high-frequency texture in-
formation into sparse, structured latent features Z = {zk},
where k indexes the set of L on-surface voxels. The point-
voxel attention mechanism comprises an intra-voxel self-
attention module and a point-voxel cross-attention module.
The intra-voxel self-attention module processes all points
within each voxel, allowing them to interact and aggregate
local geometric and appearance features into a set of point-
wise features x̃:

x̃i =

n∑
j=1

softmax(
Qxi

KT
xj√

d
) · Vxj

, (1)

where xj denotes the initial point features within the same
voxel as xi.

The point-voxel cross-attention module then consoli-
dates these detailed point-wise features into voxel-wise fea-
tures ṽk, representing the encoded texture information for
each voxel. This is achieved by attending from a shared
learnable voxel feature vk to all point-wise features within
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Figure 2. The Lafite Pipeline. (Top) A VAE autoencoder learns a sparse latent color field representation by encoding a colored point cloud
from the mesh surface. (Bottom) For generation, the VAE encoder first extracts a pure geometry latent from an uncolored point cloud.
This latent then conditions a Rectified Flow model to synthesize a new texture latent, which is decoded and baked into the final texture.

the voxel:

ṽk =

n∑
i=1

softmax(
QvkK

T
x̃i√

d
) · Vx̃i . (2)

This design robustly captures the local surface appearance
rather than the average pooling in PointNet. The result-
ing set of voxel embeddings {ṽk} is then passed through
a standard sparse-voxel-based VAE encoder [25, 73] with
shifted window attention to produce the final latent codes
{zk}. The overall texture encoding process is as follows:

E : {{xj}Ni
j=1}

L
i=1 → {zk}Lk=1. (3)

where Ni is the number of points in the i-th voxel.
Implicit Geometry Encoding. A crucial property of our
encoder is that, besides encoding texture, it naturally cap-
tures high-fidelity geometry from the point cloud positions
at no extra cost. We exploit this by introducing a pure ge-
ometry latent: passing an uncolored point cloud – setting all
input colors ci to a canonical value like white (1, 1, 1) – we
effectively factor out texture information. The resulting ge-
ometry latent zgeo represents only the object’s shape. This
elegant approach provides an occlusion-free 3D geometric
prior for our generative model without a separate geome-
try network, while ensuring perfect alignment between the
shape and texture conditions during synthesis.
Texture Decoding and Supervision. The decoder’s role
is to reconstruct the continuous color field C(p) from the
sparse, structured latent representation {zk}. Given a 3D
query point p located in voxel k, a latent decoder DS first

transforms the corresponding latent code zk into a higher-
resolution local feature grid fk via convolutional layers.
This grid represents a sparse local color field within the
voxel. The color decoder DF then samples the feature at
location p from fk and predicts the final RGB color c. For
brevity, we denote the voxel containing p by k and directly
index the latent code as zk. The overall VAE decoder D is
defined as:

D : {zk}Lk=1 × pj → cj . (4)

We train the VAE end-to-end using a reconstruction loss
combined with a KL divergence regularization term. The
reconstruction loss is a simple L1 loss on the color values
of sampled points, which we find effectively promotes sharp
details. To encourage the model to learn a robust repre-
sentation of high-frequency textures, we augment input col-
ors with minor Gaussian noise during training. The overall
VAE objective is given by:

L = Exi∼M[|D(E({x̂i}), pj)− ĉj |] + LKL. (5)

where x̂i = (pi, ni, ĉi), ĉi = ci + ϵ is the augmented color.
Importantly, we do not rely on rendering-based losses (like
LPIPS or SSIM), which can introduce blurriness and bias.
Instead, supervision is performed directly in the 3D vol-
ume, ensuring the learned representation faithfully models
the underlying surface texture.

3.2. Texture Synthesis via Rectified Flow
Having established a powerful latent representation for 3D
textures, we now detail the generative process for synthe-
sizing novel textures within this space. We employ a condi-
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tional Rectified Flow [36, 43] model, which learns to gen-
erate novel texture latents z conditioned on the geometry of
the input mesh as well as on text or image prompts.
Geometry-Conditioned Albedo Generation. The corner-
stone of our synthesis pipeline is the generation of a base
color (albedo) texture. The quality of this generation de-
pends critically on the fidelity of the geometric condition-
ing. Unlike methods that rely on 2D geometric projections
(e.g., position or normal maps), which suffer from occlu-
sions and cross-view inconsistencies, our approach condi-
tions directly on the complete and unambiguous 3D shape.

Specifically, we use the pure geometry latent zgeo, de-
rived as described in Sec. 3.1, as the primary condition. This
provides the generative model with a detailed, occlusion-
free 3D geometry prior that is perfectly aligned with the
target latent space. The model is trained using the condi-
tional flow matching objective:

Lalbedo = E∥v(xt; t, zgeo)− (ϵ− x0)∥, (6)

where zgeo is the geometry condition represented by
E({pi, ni,1}), and xt is the noisy latent in timestep t,
xt = (1 − t)x0 + tϵ. zgeo is concatenated with xt as a de-
noising input for each step. We adopt a progressive training
strategy. The model is first trained on latents at 643 reso-
lution, and this pre-trained backbone is then fine-tuned on
1283 resolution latents.
Disentangled PBR Material Generation. Our framework
naturally extends to generating physically-based rendering
(PBR) materials by learning to synthesize roughness and
metallic (RM) maps. A key insight is that these material
properties are often physically correlated with the underly-
ing albedo; therefore, conditioning solely on geometry is
suboptimal

We leverage this insight to create a disentangled, hier-
archical generation process. Instead of conditioning on the
pure geometry latent, we fine-tune our albedo generation
model to synthesize roughness-metallic (RM) latents con-
ditioned on the albedo latent zalbedo (either from the user
input or a previously generated sample). This hierarchical
approach – i.e., Geometry → Albedo, then Albedo → RM –
more faithfully models the physical dependencies and leads
to more plausible and detailed material generation.

For implementation, we reuse the pretrained color tex-
ture VAE by simply replacing its three color channels with
roughness, metallic, and an additional zero-padding chan-
nel. We then train the model with a similar flow matching
objective LRM, additionally conditioned on the albedo la-
tent. This design enables fully disentangled control over
the final material appearance.

3.3. Interfacing and Interaction with Lafite
A key advantage of our sparse latent color field is its versa-
tility. Beyond synthesis, the learned representation serves as

a powerful asset that seamlessly integrates into existing 3D
workflows and manipulated for fine-grained artistic control.
Texture Baking for Standard Pipelines. To integrate with
standard rendering engines, our continuous 3D color field
C(p) is “baked” [21, 52] into a 2D UV texture map. Un-
like multi-view projection methods [26, 44] that struggle to
resolve inconsistent predictions, our native 3D representa-
tion makes this process straightforward and robust. Baking
simply involves querying our learned function C(p) for each
corresponding 3D point on the UV map. To produce anti-
aliased textures, we supersample by averaging the colors of
multiple random points within each pixel’s footprint. Be-
cause our underlying field is inherently seamless, this pro-
cess yields clean texture maps free of the seams and artifacts
that plague projection-based methods.
Editing and Refinement. Our framework naturally sup-
ports editing tasks. Adapting techniques like RePaint [47],
a user-defined target mesh region can be mapped to its cor-
responding latent voxels, which are then masked and selec-
tively regenerated while keeping surrounding regions un-
changed (Fig. 9). This 3D-native editing process is inher-
ently more coherent than 2D UV inpainting, as it respects
the underlying geometry to ensure seamless transitions at
edit boundaries.

4. Principled Data Curation
Large-scale 3D datasets [15, 16] are notoriously uncurated
and contain ambiguous signals. We therefore employ a
principled data curation pipeline to normalize assets and en-
sure our model learns from clean surface information.
Resolving Material Ambiguity. Public datasets contain as-
sets with non-standard materials, such as emissive channels,
that create ambiguous training signals. Our pipeline canon-
icalizes these materials: 1) for fully emissive surfaces, we
use the emission map as the base color, as environmental
lighting is irrelevant; 2) for partially emissive ones, we com-
posite the base and emission colors with a tone mapping
operator to prevent value clipping and preserve the asset’s
visual intent. This ensures the final color fed to our VAE re-
mains within a valid, consistent range, preserving the visual
intent of the original asset.
Resolving Geometric Ambiguity. Real-world 3D assets
also contain non-standard geometry, e.g., stylized “outline”
shells, designed for specific rendering effects. These com-
ponents can corrupt the surface sampling process, as points
sampled on them may be incorrectly associated with voxels
of the primary object, leading to a noisy latent represen-
tation. Our curation pipeline automatically identifies and
discards such geometry using heuristics based on rendering
properties (e.g., backface culling, inverted normals), ensur-
ing the VAE learns only from the intended visible surface.
High-Fidelity Surface Sampling. The fidelity of our la-
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Table 1. Quantitative comparison for conditional texture generation. We evaluate Lafite against leading text- and image-conditioned
methods (’*’ denotes methods without PBR generation, and rendered with default roughness/metallic of 1/0). Lafite achieves superior or
competitive performance across nearly all metrics, demonstrating its state-of-the-art generation quality. Lower is better for all metrics.

Method Condition
Unshaded Shaded

FID↓ FDCLIP ↓ FDDINO ↓ KDCLIP ↓ KDDINO ↓ FID↓ FDCLIP ↓ FDDINO ↓ KDCLIP ↓ KDDINO ↓
MVPaint* [14] Text 158.28 96.86 140.70 0.153 0.184 135.94 84.53 118.85 0.117 0.120

MaterialAnything [31] Text 165.50 96.89 115.72 0.166 0.129 126.00 74.76 108.78 0.090 0.125
SyncMVD* [44] Text 126.20 76.25 88.17 0.072 0.060 119.38 66.87 80.99 0.058 0.047

TEXGen* [82] Text+Image 136.58 86.18 106.66 0.114 0.094 130.29 77.62 97.25 0.088 0.080
SeqTex* [83] Text+Image 119.31 61.58 76.14 0.041 0.033 116.72 62.20 74.44 0.051 0.032
Paint3D [84] Text/Image 124.73 69.72 86.47 0.084 0.059 116.61 61.70 80.28 0.063 0.050

MaterialMVP [26] Image 113.20 54.79 67.67 0.048 0.029 101.66 48.71 66.83 0.035 0.032
UniTEX* [41] Image 106.45 51.08 69.74 0.036 0.034 105.75 51.62 69.65 0.038 0.034

Ours Image 107.46 53.49 67.16 0.037 0.032 101.91 46.28 64.19 0.026 0.027

tent representation depends on the density and quality of the
input point cloud. To capture high-frequency textures and
ensure full mesh coverage – including small triangles and
UV-distorted regions – we employ a denser surface sam-
pling strategy (2 million points uniformly sampled from
each data) to train the VAE. For diffusion model training,
we cache latents from an even denser cloud of 5 million
points to provide the highest-quality latent encoding. This
dense sampling creates a lossless ground truth, enabling our
model to generate finer-grained textures.

5. Experiments
We validate Lafite through comprehensive experiments. We
benchmark our core VAE representation (Sec. 5.2), evaluate
the full generative pipeline against state-of-the-art methods
(Sec. 5.3), ablate our supervision strategy (Sec. 5.4), and
showcase downstream applications (Sec. 5.5).

5.1. Implementation Details
We train Lafite on a large-scale dataset of 1M textured 3D
assets aggregated from Objaverse [16], Objaverse-XL [15],
and TexVerse [90]. Our VAE is trained for 600K steps using
16 NVIDIA A100 GPUs with a batch size of 16. The rec-
tified flow model for albedo generation is trained for 500K
steps on 32 A100 GPUs. We employ a progressive curricu-
lum, first training on latents from a 643 voxel grid, then fine-
tuning on higher-fidelity 1283 latents. The PBR generator
is then fine-tuned from the final albedo model by switching
to a PBR material target. All models are trained using the
AdamW optimizer [45] with a learning rate of 1e− 4.

5.2. Analysis of the Lafite Representation
We first validate the central claim of our work by evaluating
the reconstruction fidelity of our VAE representation.

Setup. We compare our VAE against TRELLIS [73], a
state-of-the-art model that represents texture by projecting
pre-trained 2D DINO [54] features onto the volume as in-
put. For a fair comparison, both models are tasked with
reconstructing the original ground-truth texture from their

Reference Geometry MaterialMVP

Reference Image

Ours

Figure 3. Robustness to self-occlusion. Lafite’s 3D-native ap-
proach generates complete and coherent textures even in highly
occluded regions where projection methods fail.
Table 2. VAE Reconstruction Fidelity. Our VAE, which uses a
direct point cloud input, achieves significantly higher fidelity than
the projection-based TRELLIS. ‘*’ denotes the result is derived
from the 64 resolution model without fine-tuning.

Method PSNR↑ SSIM↑ LPIPS↓
TRELLIS-GS64 21.37 0.833 0.116
TRELLIS-RF64 21.83 0.864 0.108

TRELLIS-GS128* 19.28 0.787 0.195
TRELLIS-RF128* 23.07 0.880 0.127

Ours-64 33.57 0.960 0.053
Ours-128* 34.48 0.965 0.041
Ours-128 34.62 0.967 0.039

learned latent representations. We evaluate performance
using standard image-space metrics (PSNR, SSIM, LPIPS)
computed across multiple rendered views.

Results. As demonstrated in Tab. 2 and Fig. 4, Lafite
achieves dramatically higher reconstruction quality across
all metrics and resolutions, culminating in a PSNR improve-
ment of over 10 dB at the 1283 resolution. This result pro-
vides clear evidence for our hypothesis: directly encoding
a pristine 3D colored point cloud captures high-frequency
surface information far more faithfully than projecting and
aggregating 2D features, which inherently suffer from reso-
lution limits, view inconsistencies, and projection ambigui-
ties.

Scalability with Sampling Density. We further analyze the
scalability of our representation with respect to the density
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Figure 4. Visual comparison of VAE reconstruction. Our
method reconstructs sharper, more detailed textures, avoiding the
blur and artifacts of the TRELLIS baseline.

Table 3. Effect of Point Density on Reconstruction. VAE re-
construction quality consistently improves with denser input point
cloud sampling, showcasing the model’s scalability.

Resolution #Points PSNR↑ SSIM↑ LPIPS↓
64 20,480 27.56 0.904 0.124
64 204,800 32.22 0.951 0.067
64 2,048,000 33.49 0.959 0.053

128 20,480 26.07 0.870 0.141
128 204,800 31.60 0.943 0.084
128 2,048,000 34.30 0.964 0.043
128 4,096,000 34.45 0.965 0.041

of the input point cloud. As shown in Tab. 3, reconstruction
quality improves consistently with denser sampling. This
confirms our model’s capacity to leverage richer input data
and validates our dense sampling strategy (Sec. 4) as a crit-
ical component for achieving maximum fidelity.

5.3. State-of-the-Art Conditional Texture Genera-
tion

Having validated our core representation, we now evalu-
ate the full Lafite pipeline on the end-to-end task of con-
ditional texture generation, comparing against both image-
conditioned and text-conditioned state-of-the-art baselines.

Experimental Setup. We curate a challenging test set de-
signed to reflect a practical asset creation workflow. We
collect approximately 800 diverse 3D meshes generated by
commercial AI tools [1–3, 27, 67], using a set of 200 prompt
images from various sources [17, 71, 73]. This ensures the
evaluation is performed on novel, “in-the-wild” geometries
rather than familiar assets from open-source training sets.
For text-based methods, we use a powerful VLM (Qwen-
2.5VL [5]) to generate prompts from the reference images,
ensuring a fair comparison.

Metrics and Evaluation. We render all generated textur-
ing results from three canonical views under both unshaded
and shaded settings. For methods that do not generate
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Figure 5. Qualitative comparison (Text-conditioned). Lafite
generates textures with higher fidelity and detail.
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Figure 6. Qualitative comparison (Image-conditioned). Lafite’s
textures are more faithful to the reference image in color and con-
tent than prior work.

PBR channels, shaded results are rendered with a default
material (metallic=0, roughness=0.5). To measure the fi-
delity and alignment with the input condition, we compute a
suite of standard generative modeling metrics: Fréchet Dis-
tance (FD) [4] and Kernel Distance (KD) [56] using feature
spaces from CLIP [60] and DINO [54] to capture semantic
and stylistic similarity.

Quantitative Results. As shown in Table 1, Lafite demon-
strates superior performance across nearly all metrics and
conditions. In the image-conditioned task, Lafite achieves
the best or second-best scores on all metrics, significantly
outperforming prior work in FDCLIP and KDDINO under
shaded setting. This confirms that our framework, which
leverages a high-fidelity representation and precise 3D geo-
metric conditioning, produces textures that are more faithful
to the input prompt than any competing method.

Qualitative Results. Beyond metrics, Lafite exhibits clear
qualitative advantages, which we analyze in terms of In-
tegrity, Continuity, and Versatility. As visualized in
Figures 3, 5, and 6, our method consistently generates
textures that fully cover the entire mesh (Integrity), are
free from UV seams or projection artifacts (Continuity),
and generalize well to a wide variety of object categories
(Versatility). In contrast, competing methods often pro-
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Figure 7. Ablation on VAE Supervision. Direct 3D color super-
vision (Ours) converges faster and to a higher fidelity than super-
vising on intermediate renderings (3DGS, Radiance Fields).
Table 4. Ablation on VAE design. The effectiveness of the point
cloud attention and color augmentation in VAE.

PSNR↑ SSIM↑ LPIPS↓
Ours 32.69 0.962 0.063

Ours w/o point attn 30.83 0.952 0.071
Ours w/o augmentation 31.62 0.958 0.067

duce visible seams, blurred details, or incomplete textures,
particularly on complex or self-occluded geometry.
User Study. We conducted an additional user study with
a total of 600 evaluations from 20 users – 30 randomly se-
lected in test cases in random order for each user. We com-
pare our method with MaterialMVP and UniTEX: Partici-
pants were asked to choose the best result based on texture
neatness, consistency with the reference image, and geo-
metric alignment. Results show that our method is preferred
in 58.5% of cases, outperforming MaterialMVP (24.7%)
and UniTEX (16.8%).

5.4. Ablation Studies
In our VAE design (Sec. 3.1), we supervise the decoder
by directly reconstructing raw RGB colors from the input
point cloud. To validate this choice, we compare against
supervision from intermediate 3D representations, includ-
ing renderings from 3DGS [33] and NeRF [48]. As shown
in Fig. 7, direct 3D supervision yields faster convergence
and higher final PSNR, indicating a more stable and unbi-
ased learning signal without rendering artifacts. We further
ablate point cloud attention and color jitter augmentation in
the VAE in Table. 4.

Project LaFiTe Inpaint

Occluded
AreaMulti-View Image

Generation

Figure 8. 3D Inpainting with Multi-View Pipelines. Lafite can
be used as a backend to robustly inpaint large occluded regions
where 2D projection methods fail.

Figure 9. Local Editing. Our structured latent color field enables
coherent local editing by regenerating masked regions (green box)
while preserving the surroundings (blue box).

Figure 10. Material Transfer. Lafite synthesizes a full PBR ma-
terial onto a mesh conditioned only on a 2D material image.

5.5. Downstream Applications
A key advantage of our learned latent field is its flexibility.
We demonstrate its power through several applications:
• Integration with Multi-View Pipelines: Fig. 8 shows

Lafite serving as a powerful 3D inpainting backend, ro-
bustly filling occluded regions where traditional 2D pro-
jection methods fail.

• Local Editing: Fig. 9 shows our method enables coherent
local editing by masking and regenerating latent voxels.

• Material Transfer: Fig. 10 demonstrates direct material
transfer, where a 2D image of a material is used to syn-
thesize a full PBR texture on a new mesh.

6. Conclusion
We introduced Lafite, a generative framework that fun-
damentally advances native 3D texturing. We identified
the critical bottleneck as the lack of a powerful, topology-
agnostic representation and solved it by learning to generate
textures as a 3D latent field. Our VAE-based representation
achieves state-of-the-art fidelity, and our unified design for
geometric conditioning ensures seamless, high-quality gen-
eration. By solving this core representation problem, Lafite
significantly outperforms existing methods and provides a
robust foundation for future 3D generative workflows.
Limitations and Future Work. Lafite’s 3D-native ap-
proach lacks the semantic priors of large-scale 2D mod-
els, limiting its ability to generate specific 2D patterns like
text. Future work should focus on distilling 2D knowledge
into our robust 3D representation to combine the geometric
integrity of our method with the semantic richness of 2D
foundation models.
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