Lafite: A Generative Latent Field for 3D Native Texturing

Supplementary Material

A. Implementation details
A.1. Network Architectures

Variational Encoder. Our VAE, designed to compress
3D surface appearance into a sparse latent field, comprises
four key components with a total of 188.9M parameters:

* Local point cloud encoder &p: A lightweight point cloud
encoder with 1.8M parameters. The 9-channel point
features (position, normal, color) are mapped into 256-
channel hidden features, and an intra-voxel self-attention
is applied to points within the same voxel with varlen
flash attention [6]. Then, these per-point features are ag-
gregated into their located voxel by a cross-attention be-
tween the points and the latent embedding v of their lo-
cated voxels, where v is a learnable embedding shared by
all voxels initially. Then the obtained color latent of the
voxel v is processed by the color latent encoder Es.

¢ Color latent encoder £: A color latent encoder with
85.8M parameters. The output 1024-channel v features
are then processed by a structured latent encoder [21]
with 12 layers of 3D sparse shifted window attention
blocks, and a hidden latent channels of 768, and obtain
the bottleneck 32-channel latents z. The overall encoding
process is represented by:

gzgsogp (1)

¢ Latent decoder Ds: A structured latent decoder with
100.4M parameters. The 32-channel latents z are de-
coded into 768-channel latents zp;q through 12 layers
of 3D sparse shifted window attention blocks. zpig are
then decoded into color field latents z,. through 2 upsam-
pling blocks, which finally results in a 4x denser grid
(643—256°, 1283 —5123).
¢ Color field decoder D¢: A lightweight MLP decoder
with 0.8M parameters, shared by all color field latents.
We directly concatenate the coordinate of the query point
and the z. of their corresponding voxel, and pass the
concatenated vector into a 4-layer MLP and output a 3-
channel RGB color. The overall decoding process is rep-
resented by:
D = D¢ o Ds 2)

Rectified Flow Generator. The color latent rectified flow
transformer contains 1.4B parameters, with 30 sparse grid
attention blocks. It takes a 64-channel structure latent as in-
put, which is the concatenation of the geometry latent (or
albedo color latent if trained for PBR material generation)
and a noisy latent with the same shape as input for denois-
ing, and outputs a 32-channel denoised latent, which will

be re-concatenated with the geometry latent for the next de-
noising step. The input latent for attention blocks is first
patchified and downsampled (1282 — 642) for more effi-
cient attention processing.

We apply two image encoders, DINOv2 [16] and
SigL.IP2 [20], to extract the image features conditioning on
the generator, as DINO failed to faithfully capture all fine-
grained details [ 18] while causing color shifting.

A.2. Training Details

For the generative model, we perform two-stage training:
In the first stage, we train a 64-resolution model using la-
tent representations generated by a 64-resolution VAE as
supervision. In the second stage, we fine-tune the model
trained in the first stage. We continue using the VAE trained
at 64 resolution, but adjust the input to 128 resolution and
double the frequency of positional encoding to obtain 128-
resolution color latent as supervision.

A.3. Inference and Application

We employ a first-order Euler solver for rectified flow sam-
pling. During sampling, the classifier-free guidance [9]
scale for the albedo generator and the MR generator is 5.

Inpainting. Following Repaint [14], a mask m and an ini-
tial latent z* is required when performing inpainting, where
in each step:

21 =m® G(z,t) + (1 —m) ® add_noise(z*,t) (3)

where G is the rectified flow generator that predicts the
latent z;_; at the next timestep by current latent z,
add_noise(z*, t) indicate adding noise to the original latent
z* so that during denoising, they will all be in the same
noise level.

Refinement. Suppose we are given an object with a
coarse texture, where surface colors can be queried using a
color function C(-). Our goal is to refine this texture through
two steps: resampling and inpainting. For a selected region
Q) to be refined, we first compute its axis-aligned bounding
box and normalize it while preserving its aspect ratio. The
mesh faces within this bounding box are then uniformly
rescaled, producing an enlarged local surface patch. We
sample points on these enlarged triangles to obtain higher-
density geometric and color observations. The sampled col-
ored points are encoded into a color latent, and we apply a
mask to retain only the valid interior region while preserv-
ing partial contextual color around it. Conditioned on this
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Figure 1. Refinement process. We select a region for refinement
on a mesh that already has a coarse texture, rescale that region,
and then regenerate the texture for that area.

masked representation and a higher-resolution partial im-
age corresponding to 2, the generator performs inpainting,
yielding a refined and more detailed texture. Fig. 1 shows
an example of how we refine a partial region of a mesh.

B. Data Pre-processing

B.1. Rendering Settings

We use Blender’s default color management to render in-
put images. These images serve as the condition for both
the base color generator and the metallic/roughness gener-
ator. For the lighting used during rendering, we strive to
ensure that the base colors and tonal rendering of objects
after lighting match the rendered images.

B.2. Materials Processing

Transparency. Common transparent materials include
glass, acrylic sheets, liquids, and other refractive sub-
stances. In practice, however, for rendering or storage ef-
ficiency, transparency is also used to approximate geomet-
rically complex structures like leaves on a tree. We treat
these two cases differently.

For physically transparent materials, rendering involves
refractive effects governed by Fresnel terms, where rays
may traverse multiple layers of geometry before reaching
the sensor. As a result, pixels at the same screen position
may accumulate contributions from different surfaces along
the viewing direction. To handle such materials in the ren-
dering, we reinterpret these surfaces as opaque and perform
normal sampling directly on their surface geometry, avoid-
ing unintended multi-layer color mixing.

In contrast, many assets use transparency purely as a
representational shortcut: regions where the texture’s alpha
channel is zero are intended to denote missing geometry,
even though triangles still exist in those locations. For these
cases, we treat fully transparent texels as geometry holes.
During sampling, we discard points whose corresponding

texture alpha value is zero, keep all partially or fully opaque
samples, and preserve the alpha-mask semantics during ren-
dering. This ensures that geometry meant to be visually
absent remains absent, while valid surface regions are faith-
fully retained.

Emission. As discussed in the main text, problematic
emission effects arise from two sources.

First, an object may be fully emissive—for example,
when using an Emission BSDF rather than a Principled
BSDF in Blender. In this case, the base color is determined
entirely by the emission texture. Ambient lighting no longer
influences the appearance, and attributes such as roughness
and metallic become ineffective. Consequently, we exclude
these samples from roughness and metallic estimation to
prevent the generator from learning invalid supervision sig-
nals.

The second case is more challenging: the object is par-
tially emissive. Emission here may serve multiple purposes.
It may indicate genuinely self-luminous regions (e.g., light
bulbs, LEDs, glowworms), in which case the emitted ra-
diance contributes to illumination and is not part of the
intrinsic base color. Alternatively, emission may be used
stylistically in mixed PBR-NPR pipelines to enforce “un-
changed” or artist-controlled colors. In the latter scenario,
the emissive component contributes to the perceived color
but cannot be cleanly transformed into a physically mean-
ingful base color.

To handle such cases, we approximate how the emissive
contribution blends with the underlying base color to pro-
duce the rendered appearance. Since the true illumination is
unknown, recovering an exact base color is inherently am-
biguous. Nonetheless, by ensuring that the predicted color
preserves the hue observed in the rendered image, we main-
tain sufficient fidelity for training and still allow the model
to learn the correct underlying material information. A sim-
ple color blending with tone mapping could be a Reinhard
Tonemap:

blend_color = albedo + emission x strength @
albedo_convert = blend_color/(1 + blend_color)  (5)

Normal Maps. Normal maps typically influence geomet-
ric perception far more than color appearance. Conceptu-
ally, they serve as a geometric approximation—much like
fully transparent regions in color maps—allowing fine-scale
surface detail to be represented without increasing mesh
complexity, which is crucial for real-time rendering effi-
ciency. However, in scenes with lighting and on relatively
smooth surfaces, discrepancies between the perturbed nor-
mals from the normal map and the true geometric surface



can introduce shading artifacts. These non-orthogonal de-
viations may create highlights that do not correspond to the
underlying geometry, or suppress highlights that should be
present. Such inconsistencies lead to tonal variations that no
longer align with the surface’s intrinsic color sampling. To
avoid propagating these shading-induced biases, we disable
the use of normal maps during rendering.

Other Materials. Unlike the base-color-roughness-
metallic workflow, the diffuse-specular workflow is
typically designed for stylized or non-physically-based
rendering. While it is sometimes possible to approximate a
conversion from diffuse-specular to base-color-roughness-
metallic using heuristic rules, significant discrepancies
often remain, particularly under varying lighting conditions.
In effect, the range of appearance captured by diffuse-
specular constitutes a superset of what is representable by
the physically-based base color-roughness-metallic work-
flow. To avoid introducing inconsistencies, we therefore
only retain data that is high specular with low diffuse
(metals) or low specular with high diffuse (non-metals)
during dataset construction.

B.3. Geometry Processing

Interior Removal. A clean geometric structure is essen-
tial for both geometry learning and texture learning. Al-
though our framework is capable of assigning colors to any
point in the 3D space, learning a stable and expressive color
latent space requires restricting supervision to points that
truly lie on the visible surface. To enforce this, we retain
only surface samples and remove all points that fall inside
the mesh volume.

We achieve this using a flood-fill-based procedure.
Specifically, we first voxelize the mesh and compute con-
nected components representing empty space. By identify-
ing the outermost empty connected component, we can de-
termine which voxels lie on or near the actual surface. We
then keep only the sampled points located in voxels directly
adjacent to this exterior region, while discarding all samples
in interior voxels. This ensures that the training supervision
reflects the true surface geometry, avoids color ambiguity
from internal samples, and leads to more consistent and re-
liable texture learning.

Outlined Objects. “Outline” meshes are commonly used
in stylized rendering: a slightly expanded duplicate mesh,
rendered with backface culling and flipped normals, pro-
duces a black contour around the object. However, dur-
ing surface sampling, this shell introduces misleading prox-
imity cues. Points sampled on the outline mesh may be
incorrectly associated with voxels of the primary surface,
causing the encoder to learn blurred or corrupted textures.

Figure 2. Outlined model and outline-removed model. The
model with stylized outline meshes and the model after their re-
moval.

To prevent this, our pipeline automatically detects and re-
moves such non-essential geometry. We use a set of heuris-
tics to identify meshes exhibiting characteristics of outline
shells (e.g., inverted normals, exclusive backface visibil-
ity, or emissive black materials) and exclude them from the
sampling stage, ensuring that learning is guided only by the
true visible surface.

As an alternative, we can directly eliminate the “outline
triangles” themselves. We cast rays from the outside of the
object toward the mesh and examine the triangles they in-
tersect. If a hit triangle is a backface and its material is
configured to be backface-culled, we classify it as part of
the outline mesh and mark it for removal. To obtain reliable
exterior ray origins, we apply a flood-fill on the voxel grid to
locate a voxel center that belongs to an exterior connected
component adjacent to the mesh surface. From this seed,
we densely project rays onto the nearby mesh and analyze
the intersected triangles to determine which should be dis-
carded. Fig. 2 illustrates several models containing outline
meshes alongside their outline-removed counterparts. Al-
though outline meshes are often rendered as a uniform solid
color, they may also appear with per-vertex colors or as UV-
mapped textures. Therefore, simply checking for backface-
culling attributes or verifying whether the material is a solid
color is insufficient. Instead, the determination must rely
on whether the geometry would actually be rendered, al-
though this approach can still be problematic for some non-
watertight surfaces.

Overlapped Faces. For overlapping or near-overlapping
surfaces, two cases may occur. In the first case, the surfaces
share identical colors, which does not affect sampling or
training since the duplicated geometry yields consistent su-
pervision. In the second—and more problematic—case, the
overlapping surfaces carry different colors. Such configu-
rations cause mutual interference during sampling: points
drawn from adjacent but distinct layers produce mixed or



Table 1. Traits of different commercial models. Number of tri-
angular faces, UV fragmentation, and geometric quality in differ-
ent mesh groups.

Model Group  #Faces Fragmentation Geometry Quality
#1 0.5M middle middle
#2 0.5M high middle
#3 1.0M middle high
#4 1.5M high high

averaged color signals, leading to undesirable blurring and
smoothing in the learned representation. To avoid intro-
ducing these ambiguities into the dataset, we detect meshes
containing overlapping or tightly coupled surfaces and ex-
clude them from our data.

B.4. Scale of Training Data

We note that differences in training data scale can sig-
nificantly affect model performance and should be care-
fully considered when making comparisons. Our model is
trained on 1M samples; however, it may still exhibit strong
generalization under reduced data regimes, which we leave
for future investigation. Moreover, comparing against prior
methods trained on smaller datasets offers a more informa-
tive and fair assessment of the intrinsic characteristics and
applicability of different 3D representations, as it helps dis-
entangle the effects of representation design from those of
data scale.

C. Experiment Evaluation
C.1. Data Sources

We collected 4 groups of meshes with different traits from
different 3D commercial Al generation tools resource [1—
3, 8, 19], prompted with about 200 images in same for each
tool. Tab. | shows the number of triangle faces, the UV
fragmentation (density of UV islands), and the quality of
the geometry (alignment with prompt images) of the mesh.

C.2. Evaluation Metrics

For our evaluation, we test 800 meshes and compare our
approach against eight baseline methods by computing the
Fréchet Distance (FD) [4] and Kernel Distance (KD) [17]
between the prompt images and the rendered outputs.
The baselines cover text-conditioned, image-conditioned,
and mixed image-plus-text-conditioned generation meth-
ods. Because the generators are generally pose-agnostic,
we render multiple views of each mesh and compute the
metrics on four different model groups (#1—#4 in Tab. 1).
Since several baselines do not support PBR rendering, we
evaluate both shaded and unshaded versions to ensure fair
comparison.

The table in the main paper reports the metric com-
puted between the prompt images and three canonical ren-
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Figure 3. Locality. Our approach exhibits locality, which enables
it to generalize more effectively to higher-resolution inference.
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Figure 4. Stability. Our method demonstrates better stability dur-
ing larger-scale training.

der views of each mesh: a front view, a view at 45° az-
imuth and 30° elevation, and a view at —45° azimuth and
30° elevation. Tab. 2-5 provides a more exhaustive evalu-
ation using eight render views: azimuth angles of 0°, 90°,
—90°, and 180° at 0° elevation, and azimuth angles of 45°,
135°, —45°, and —135° at 30° elevation, correspond to
each model group in Tab. 1.

C.3. Additional Analysis

Locality. During inference, our method exhibits strong
scalability. Unlike multi-view feature projection inputs or
outputs like GS [11] or NeRF [15], our approach can di-
rectly infer a 1283-resolution color latent from a 643 model.
Fig. 3 visualizes the 4x denser voxel grid obtained af-
ter decoding the color latent and applying upsampling (the
voxel colors are visualized using PCA for dimensionality
reduction from 512-channel color field features to 3-channel
RGB value). Notably, even after convolutional upsampling,
the voxels retain sharp boundaries at the unsampled reso-
lution scale, highlighting the inherently local nature of our
representation. In contrast to the mesh branch of TRELLIS
and other octree-based frameworks, our color-field decoder
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Figure 5. Failure cases. Several failure cases of our generation
model, due to the lack of 2D priors.

predicts the color of a point using only the latent of the voxel
it belongs to, without interpolating across neighboring vox-
els. This design leads to a more localized and structurally
coherent representation.

Stability. Using the same point cloud input, we demon-
strate the superior fitting capability of our method by com-
paring the fitting efficiency of Gaussian Splatting and Ra-
diance Fields against our Color Field outputs. In addition
to the comparisons presented in the main text, we further
evaluate generalization by scaling up the dataset size. As
shown in Fig. 4, our method exhibits significantly more sta-
ble training behavior. For fairness, both GS and NeRF fol-
low the parameter settings used in TRELLIS [21], including
rendering supervision with LPIPS and SSIM, as well as vol-
ume and opacity regularization.

Baking efficiency. Our approach requires UV unwrap-
ping and is compatible with varying UV map resolutions.
By default, we adopt a 2048 x 2048 UV map for texture bak-
ing. Furthermore, texture querying can be seamlessly inte-
grated into the rendering pipeline. Owing to the lightweight
color decoding MLP, our method supports real-time render-
ing of 360° surround videos at 512 x 512 resolution and 60
FPS. In terms of efficiency, diffusion-based latent genera-
tion takes approximately 20 seconds on average, depending
on the voxel count, while the baking process requires only
about 3 seconds.

C.4. More Visualizations

Failure cases. Fig. 5 show some failure cases that is un-
likely to occur due to inconsistency or occlusion, but lack
of 2D priors, as mentioned in the main text. These issues
will be addressed in the future through feature alignment
and knowledge distillation by 2D image generation models.

More comparisons. Fig. 6 provide additional compar-
isons of image-conditioned generation with other baselines.



Table 2. Quantitative comparison for conditional texture generation on 8 views use model group #1.

. Unshaded Shaded
Method  Condition FID| FDcLip | FDpmoJ KDcup ! KDpmwo || FID| FDcrp | FDpmoJ KDcur 4 KDpmo
MVPaint [5] Text 145.31 88.79 124.39 0.136 0.147 | 128.58 81.59 102.30 0.122 0.079
Material Anything [10] Text 176.88 112.46 133.69 0.236 0.159 | 137.46 87.79 129.50 0.140 0.163
SyncMVD [13] Text 124.70 78.01 91.09 0.082 0.049 | 123.72 73.83 88.67 0.087 0.050
TEXGen [22] Text+Image | 140.60 100.56 124.92 0.178 0.123 | 136.64 88.54 112.80 0.138 0.102
SeqTex [23] Text+Image | 127.52 70.49 89.79 0.073 0.042 | 125.30 73.50 90.96 0.093 0.052
Paint3D [24] Text/Image | 126.37 76.19 94.17 0.112 0.061 | 122.07 71.09 91.52 0.100 0.058
MaterialMVP [7] Image 120.27 65.42 80.63 0.075 0.036 | 110.11 59.18 81.08 0.060 0.041
UniTEX [12] Image 110.79 59.26 81.24 0.056 0.043 | 111.66 61.09 82.34 0.061 0.046
Ours Image 111.66 60.44 77.58 0.054 0.036 | 106.49 54.65 77.08 0.045 0.032

Table 3. Quantitative comparison for conditional texture generation on 8 views use model group #2.

. Unshaded Shaded
Method  Condition FID] FDcrip | FDpmo | KDcup ) KDpmwo || FID| FDcrp | FDpmwo J KDcuir 4 KDpmwo 4
MVPaint [5] Text 147.90 90.24 133.81 0.142 0.166 | 122.50 77.11 102.91 0.098 0.080
Material Anything [10] Text 161.57 99.68 128.18 0.184 0.139 | 126.97 80.23 124.06 0.104 0.138
SyncMVD [13] Text 123.11 77.03 95.23 0.078 0.057 | 118.51 69.74 87.89 0.070 0.034
TEXGen [22] Text+Image | 135.80 89.71 113.74 0.134 0.101 | 132.24 81.64 105.25 0.108 0.076
SeqTex [23] Text+Image | 118.88 65.31 86.91 0.051 0.032 | 119.03 68.55 89.92 0.069 0.052
Paint3D [24] Text/Image | 123.02 71.62 93.60 0.090 0.059 | 116.38 64.89 87.75 0.072 0.048
MaterialMVP [7] Image 118.60 64.82 85.49 0.067 0.042 | 107.72 57.27 82.80 0.052 0.038
UniTEX [12] Image 110.39 58.43 85.16 0.050 0.046 | 110.66 60.14 88.04 0.057 0.056
Ours Image 113.35 60.94 83.07 0.051 0.046 | 107.84 54.03 79.35 0.039 0.034

Table 4. Quantitative comparison for conditional texture generation on 8 views use model group #3.

. Unshaded Shaded
Method  Condition FID, FDcLp | FDpmwoJ KDcup | KDpwo || FID{ FDcLp | FDpwo J KDcrip ¢ KDpmo 4
MVPaint [5] Text 148.50 91.26 133.14 0.144 0.177 | 127.88 78.51 107.79 0.108 0.093
Material Anything [10] Text 171.87 106.51 125.94 0.212 0.145 | 134.94 81.25 126.21 0.117 0.169
SyncMVD [13] Text 127.57 79.20 97.24 0.086 0.069 | 122.67 71.73 90.36 0.076 0.055
TEXGen [22] Text+Image | 142.97 101.65 129.79 0.179 0.139 | 137.72 89.32 113.39 0.136 0.097
SeqTex [23] Text+Image | 122.39 64.41 83.43 0.055 0.039 | 119.85 66.64 84.21 0.072 0.044
Paint3D [24] Text/Image | 129.09 78.63 98.15 0.119 0.074 | 120.44 69.61 90.49 0.090 0.056
MaterialMVP [7] Image 118.22 63.24 78.33 0.071 0.039 | 108.00 55.71 78.10 0.051 0.039
UniTEX [12] Image 108.49 55.17 77.46 0.047 0.038 | 108.11 55.47 77.12 0.050 0.038
Ours Image 109.92 58.95 77.95 0.051 0.035 | 104.43 51.67 75.54 0.037 0.033

Table 5. Quantitative comparison for conditional texture generation on 8 views use model group #4.

Method Condition

Unshaded

FID|{ FDcrip | FDpino 4 KDcuip { KDpmo |

Shaded

FID] FDcrLip } FDpmo 4 KDcrp | KDpo

MVPaint [5] Text
Material Anything [10] Text
SyncMVD [13] Text
TEXGen [22] Text+Image
SeqTex [23] Text+Image
Paint3D [24] Text/Image
MaterialMVP [7] Image
UniTEX [12] Image
Ours Image

158.94
166.35
130.98
136.99
119.49
128.34
116.92
115.54
111.38

101.20
102.82
82.00
92.36
65.65
76.30
64.19
65.15
59.40

142.38
131.09
104.14
115.38
89.80
101.67
84.32
88.66
81.09

0.180
0.190
0.093
0.149
0.051
0.110
0.070
0.068
0.050

0.185
0.140
0.072
0.093
0.037
0.072
0.039
0.048
0.037

129.65
128.96
124.76
134.93
118.71
119.20
106.77
113.11
105.86

81.88
80.90
72.73
83.81
67.99
68.01
56.45
63.24
52.43

112.06
125.00
93.48
107.17
89.16
92.94
81.01
88.08
76.95

0.112
0.109
0.080
0.118
0.070
0.082
0.047
0.063
0.037

0.102
0.137
0.055
0.083
0.044
0.054
0.037
0.048
0.029
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Figure 6. Image-conditioned texture generation.
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