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Abstract. Classical mesh texturing techniques blend captured multi-
view images directly, which inevitably suffer from baked-in shading and
casted shadows that compromise visual fidelity during relighting. To cir-
cumvent this issue, we present a neural texturing framework, namely
Dante-w, to enable high-fidelity diffuse albedo texture recovery from
unstructured image collections for large-scale, in-the-wild scenes, which
integrates seamlessly with traditional 3D reconstruction pipelines. Given
a reconstructed mesh and its surface parameterization, our method fuses
view-space generative albedo priors into a coherent texture space via
an expressive neural representation, while substantially enhancing fine-
grained textural details through physically principled neural rendering.
To comprehensively evaluate our method, we curate a benchmark dataset
featuring diverse, fine-grained textures, comprising both real-world in-
the-wild scenes and synthetic objects. Extensive experiments verify the
effectiveness of our approach in reconstructing accurate albedo textures
and boosting relighting fidelity. Project page: dante-wild.github.io.

Keywords: Texture mapping · Neural representation · Diffuse albedo
estimation

1 Introduction

Reconstructing high-quality textured assets of real-world large-scale scenes plays
a crucial role in domains of virtual reality, filmmaking, and gaming. However, de-
livering lifelike experiences with these in-the-wild digitizations remains challeng-
ing, as it necessitates high-fidelity and 3D-consistent rendering of fine-grained
details under arbitrary lighting conditions. In particular, we identify and address
the critical limitations of existing methods as follows.

First of all, existing 3D reconstruction paradigms lack generalizable intrin-
sic decomposition capability. While traditional image-based 3D reconstruction
techniques [21,41,45,57,61] scale well to hundreds of unstructured input images
and large-scale scenes, they fail to reason about intrinsic material properties be-
yond raw pixel observations – specifically, to disentangle surface reflectance (e.g.,
diffuse albedo) from illumination effects (i.e., irradiance) – leading to baked-in
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Fig. 1: We present Dante-w, a neural texturing framework for high-fidelity diffuse
albedo recovery in the wild. Compared to vanilla mesh texturing with baked-in lighting
effects (e.g., noon-time shading and strong roof-edge shadowing on this pavilion), our
method effectively disentangles a 3D-consistent diffuse albedo texture with exceptional
photorealism. Leveraging physically principled neural rendering, Dante-w faithfully
reconstructs fine-grained albedo details, enabling hyper-realistic free-view relighting.

shading and shadows that compromise the visual fidelity when varying the il-
lumination. In pursuit of intrinsic decomposition, a wealth of neural inverse
rendering approaches [10, 25, 29, 31, 37, 39, 50, 67] integrate physically-based ren-
dering [12,32] with neural representations [33,47,49,63], which jointly reconstruct
shape, illumination, and material by imposing learned priors [11, 42, 43, 68] or
empirical regularizations [5,15,19,22,23,40,44,56,59,65]. However, they fall short
in generalizing to challenging in-the-wild scenarios featuring complex illumina-
tion and highly detailed texture, due to oversimplified rendering formulations
and the inherent lighting-material ambiguity.

On the other end of the spectrum, recent 2D generation-based methods [38,
66] demonstrate emergent generalizable albedo reasoning capabilities, by inher-
iting strong priors from pretrained diffusion models [1,2,9,55] and finetuning on
high-quality, task-specific synthetic datasets [18,54,70]. However, these methods
operate on a per-image or per-video-clip basis, leading to unstable predictions
under drastic viewpoint variations while struggling to accurately represent fine
details – primarily due to the lack of spatial awareness, the probabilistic nature
of generative modelling, and the information loss within VAE. Moreover, these
diffusion-based renderers remain incompatible with modern graphics pipelines
and are inefficient for rendering. These limitations underscore the need to bridge
these coarse diffusion clues with expressive 3D representations for robust, in-the-
wild intrinsic decomposition.

In light of the above observations, we present Dante-w, a neural textur-
ing framework seamlessly integrating with traditional 3D mesh reconstruction
pipelines [21, 45, 57] for high-fidelity diffuse albedo recovery, with an empha-
sis on challenging in-the-wild scenarios characterized by: 1) large-scale, near-
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Lambertian scenes with intricate, fine-grained textural details; 2) strong light-
ing variations involving complex shading and shadowing; 3) highly unstructured
viewpoints spanning diverse observation distances.

To combine the best of both worlds, we fuse generalizable, view-space albedo
priors – obtained from state-of-the-art diffusion models [38, 66] – into an ex-
pressive, 3D-consistent neural texture, thereby aggregating the view-dependent
diffusion outputs to suppress flickering hallucinations. It is worth noting that,
though, naively lifting per-view prior is prone to over-smoothed results, due to
the inaccurate and view-inconsistent diffusion predictions at fine details.

To address this issue, we propose to learn accurate details from the original
images and resolve the ambiguity through the lens of frequency. Our observation
is that in-the-wild lighting effects tend to be smoother than fine-grained albedo
variations, which is also supported by prior findings [53] that irradiance can be
accurately approximated within 1% error using only nine spherical harmonic
coefficients corresponding to the lowest-frequency modes. To this end, we disen-
tangle high-frequency albedo components from irradiance by explicitly differen-
tiating the frequency bands of their respective neural representations, thereby
encouraging high-frequency information to flow into the albedo representation
when neural rendering the raw imagery.

Given a mesh reconstructed and parameterized using off-the-shelf tools [45],
our neural texturing framework operates efficiently – requiring only a few min-
utes for large-scale scenes with thousands of unconstrained multi-view images.
The resulting neural texture can be directly baked into a standard UV-map
and readily imported into any modern graphics engine (e.g., Blender [20]) for
physically-based relighting, real-time rendering, and flexible editing.

To comprehensively benchmark our method, we curate a dataset namely
GigaLit, containing both in-the-wild scenes and synthetic objects, each charac-
terized by complex, high-resolution textures under diverse lighting conditions.
Extensive evaluations demonstrate the state-of-the-art performance of Dante-
w – our method outperforms diffusion-based renderers [38,66] by +2:63=3:85dB
in PSNR and achieves �25% lower LPIPS for diffuse albedo recovery, and by
+6:13=7:15dB in PSNR and over 40% reduction in LPIPS for relighting, under-
scoring a substantial advancement towards unprecedented robustness and fidelity
for in-the-wild relighting applications. To summarize, our main contributions are
as follows:

– We present Dante-w to recover high-fidelity diffuse albedo for in-the-wild
scenes, by lifting view-space diffusion priors to a consistent neural texture
representation.

– We propose a physically principled neural rendering framework to disentan-
gle 3D-consistent, fine-grained albedo details from the original imagery via
a frequency decomposition perspective.

– We introduce GigaLit, a benchmark dataset for in-the-wild diffuse albedo re-
covery and relighting, featuring unprecedented textural details, complex illu-
mination variations, and unstructured viewpoints, where our method demon-
strates significant improvements over prior works.
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2 Related work

2.1 Classical mesh texturing

Traditional mesh texturing methods [8, 26, 41, 45, 61] take posed multi-view im-
ages and a parameterized mesh from multi-view stereo [21, 57] as inputs, and
optimize a Markov random �eld (MRF) energy, where the data term encodes
view selection strategies [26, 41, 61] and the smoothness term enforces texture
seam consistency via various color adjustment schemes [35, 58]. Among them,
Bi et al. [8] introduces a global patch-based optimization method to enable
high-quality, aligned texture mapping from misaligned input images and noisy
geometry. Ling et al. [41] uses parallelized Loopy Belief Propagation (LBP) to
enable per-face view selection, which e�ectively mitigates non-linear illumination
di�erences with a hierarchical blending scheme. However, these vanilla textur-
ing methods directly operate on pixel colour, thus leaving complex shading and
shadowing e�ects baked into the resulting texture. This limitation substantially
degrades visual �delity in downstream relighting applications.

2.2 Intrinsic decomposition

Intrinsic decomposition aims to separate lighting and underlying surface re-
�ectance from a single image [7, 13, 14, 66] or multi-view image sequence [10,
29,37,38,50]. The majority of methods leverage physically-based rendering [22,
25, 29, 39, 44, 50], generative material estimation [37, 43, 64], or a combination
of both [17, 42] to jointly recover shape and re�ectance for 3D relighting. Some
recent works perform di�usion-based generative relighting [3, 28, 52, 60, 69] di-
rectly in the image domain without explicit intrinsic reasoning. Despite their
e�ectiveness on small-scale, object-centric scenarios [18, 34] with highly struc-
tured capture setting, they fail to generalize to complex, large-scale scenes with
unconstrained image collections. Another line of works [19,31,40] extends inverse
rendering to in-the-wild scenarios by imposing tailored priors on sky [5, 23] or
shadow and sunlight [5,15,56,59]. However, they struggle to accurately estimate
di�use albedo that is fully disentangled from irradiance, as the imposed priors
are insu�cient to resolve the inherent lighting-material ambiguity.

On the other hand, recent advances [38,66] demonstrate compelling general-
ization capabilities by �netuning general purpose image [55] or video generation
models [1, 2] on high-quality synthetic data [18, 54, 70] for in-the-wild intrinsic
decomposition. However, their di�usion outputs su�er from the loss of details
and 3D-inconsistent hallucinations, thus failing to empower high-�delity, free-
viewpoint rendering. In this work, we propose to aggregate view-space albedo
priors from these state-of-the-art di�usion-based renderers into a 3D-consistent
neural texture, while leveraging physically-principled neural rendering to further
disentangle high-frequency albedo details from the original imagery. Our method
e�ectively eliminates the ambiguity and demonstrates superior expressivity for
challenging in-the-wild scenarios. Unlike existing frameworks, we explicitly for-
mulate di�use albedo recovery within the mesh texturing phase to ensure seam-
less compatibility with well-established 3D reconstruction and graphics pipelines.
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3 Method

In this section, we introduce Dante-w, aiming to recover high-�delity di�use
albedo texture for in-the-wild scenes. Given a collection of unstructured multi-
view images and a mesh reconstructed and parameterized using o�-the-shelf 3D
reconstruction tools, we lift view-dependent, di�usion-based albedo priors to a
consistent and expressive 2D neural �eld de�ned on the UV-texture space. To
enhance �ne-grained, 3D-consistent albedo details, we present a physically prin-
cipled neural rendering framework that disentangles albedo from irradiance by
di�erentiating the frequency bands of their neural representations while jointly
optimizing for neural rendering loss and albedo regularization. The resulting
neural texture can then be baked into standard texture map and seamlessly
integrated with modern graphics engines for relighting.

In the following, we �rst brie�y introduce our shading formulation and neural
encoding module (Sec. 3.1). We then elaborate on our neural texture representa-
tion for di�use albedo (Sec. 3.2) and our neural rendering framework to recover
�ne albedo details (Sec. 3.3).

3.1 Preliminaries

Di�use shading model. In this work, we focus on in-the-wild scenes with
approximately Lambertian surfaces, consistent with the assumptions commonly
adopted in traditional 3D reconstruction literature [21,57,61]. Our goal, however,
is to take a step further by decomposing the observed colour c 2 R3 into its
di�use albedo ad 2 R3 and di�use irradiance sd 2 R3 components, according to
the image formation model:

c = a d � s d; (1)

where the di�use albedo ad describes the intrinsic base color of dielectric opaque
surfaces, and the di�use irradiance sd speci�es the incident lighting at a surface
position integrated over the upper cosine-weighted hemisphere [30], which con-
tributes to diverse shading and shadowing e�ects. Therefore, texturing with ad

instead of c signi�cantly improves visual �delity under novel lighting conditions.
Multi-resolution hash encoding. Recent advances in neural �elds [6, 36, 49]
adopt a hybrid representation that combines multi-resolution hash encoding [49]
with a tiny multilayer perceptron neural network (MLP) decoder to faithfully
capture �ne details. Speci�cally, hash encoding allocates a hierarchy of indepen-
dent feature grids across multiple spatial resolutions, where each grid vertex is
mapped to a hash entry storing a learnable high-dimensional feature vector. Let
fV ` gL

`=1 be the set of spatial grid resolutions, and given an input position x
and a resolution V̀ , we denote by  ` (x) 2 R Z the Z-dimensional hash feature
obtained via linear interpolation of hash entries at the vertices of the grid cell
enclosing x. The hash features across all resolutions are concatenated as:

 (x) =
�
 1(x); :::;  L (x)

�
2 RLZ ; (2)

which are subsequently fed into the lightweight MLP to decode the desired scene
attributes.
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Fig. 2: An overview of our physically principled neural rendering framework. Given
a reconstructed mesh of the scene with surface parameterization, we represent di�use
albedo texture a d using a high-resolution 2D hash encoding  2D

a (�) and irradiance s d

using a low-resolution 3D hash encoding  3D
s (�). This explicit frequency-band discrep-

ancy (with the maximal grid resolutions satisfying V (a)
L a

� V (s)
L s

) e�ectively facilitates
the disentanglement between the two intrinsic components. We guide the low-frequency
component of di�use albedo with view-space di�usion priors (Eq. (4)) and recover �ne-
grained albedo details by neural rendering the raw observations (Eq. (6)).

3.2 Albedo representation

Hash-encoded neural texture. Given a reconstructed mesh with its surface
parameterization, we represent the di�use albedo texture in terms of an expres-
sive neural �eld de�ned in the UV-coordinate system, as shown in Fig. 3.

Fig. 3: An illustration of the pro-
posed hash-encoded neural texture
representation.

Speci�cally, we apply multi-resolution
hash encoding [49] in the 2D texture space
with a hierarchy of spatial grid resolutions
fV (a)

` gL a
`=1 . We then use a lightweight MLP,

F � a , to interpret the hash features and de-
code the di�use albedo value. Let x̂ 2 R 2

be the parametric UV-coordinate of a surface
position, we denote by  2D

a (x̂) 2 R L a Z a the
concatenated hash features across all La res-
olutions queried at x̂, then the di�use albedo
ad 2 R3 is modelled as:

ad = F � a ( 2D
a (x̂)): (3)

Bene�ted from the expressiveness of multi-resolution hash encoding, our neu-
ral albedo texture e�ectively represents high-resolution, intricate details in a
memory-e�cient manner. Moreover, by organizing a coarse-to-�ne hierarchy of
spatial grid resolutions, our neural texture inherently mitigates texture seams
without the need for any tailored designs [35].
Lifting view-space albedo priors. Since disentangling di�use albedo from raw
observations is a highly ill-posed problem, we leverage state-of-the-art intrinsic
decomposition di�usion models (e.g., RGB$X [66] or Di�usionRenderer [38]) to
impose a strong guidance for albedo estimation. To achieve this, we �rst run the
pretrained di�usion model on input images fI k g to generate the albedo bu�er
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fA 0
k g. We then distill our neural texture using these view-space albedo priors

via rasterization and neural rendering:

L a =
X

k

X

r

kad � A 0
k (r)k: (4)

To elaborate, for each pixel ray r from the k-th image, we leverage rasterization
to obtain the UV-coordinate x̂ of the corresponding ray-surface intersection and
calculate the di�use albedo value ad using Eq. (3). We jointly optimize the
learnable hash entries and the MLP decoder by minimizing the discrepancies
between our albedo texture ad and the corresponding screen-space albedo value
A 0

k (r) generated by the pretrained di�usion model.
Remaining issues. We �nd naively lifting view-dependent di�usion outputs
(Eq. (4)) leads to suboptimal results, with the distilled albedo texture exhibit-
ing excessive blurriness, as shown in Fig. 4, 6, 8, 7 (w/o PR). We attribute
this degradation to two primary factors: 1) the 2D generative framework fails
to maintain 3D consistency, particularly for highly intricate details; 2) the VAE
struggles to reconstruct �ne-grained details accurately due to the inherent in-
formation loss of the compressed latent space. These limitations motivate us to
further recover high-�delity albedo details via physically-based neural rendering.

3.3 Recovering �ne-grained albedo texture

Leveraging di�usion priors as strong guidance for the low-frequency component
of di�use albedo, we propose to further learn 3D consistent, high-frequency
albedo details from the raw input images through a physically principled neural
rendering framework. Observing that �ne albedo details generally exhibit higher
spatial frequencies than irradiance for in-the-wild scenes, we can mitigate the
albedo-irradiance ambiguity by exploiting their frequency discrepancy within
the underlying neural representations.
Lighting representation. Unlike di�use albedo, which is de�ned only on the
scene surface and can be e�ectively represented in the UV texture space, light in-
teracts intricately with the scene geometry in 3D space through multiple bounces,
yielding shading and shadows shaped by the full set of participating scene struc-
tures within the light transport. Therefore, we model global illumination as a
volumetric neural �eld to enable implicit light transport reasoning over the com-
plete 3D scene geometry.

To elaborate, we leverage hash encoding to represent lighting, with an explicit
control over its frequency band by setting the maximal grid resolution. Let x 2
R3 be the 3D coordinate of a surface position, we denote by fV(s)

` gL s
`=1 the

set of 3D feature grid resolutions and by  3D
s (x) 2 R L s Z s the concatenated

lighting features across all Ls grid resolutions. To account for unconstrained
lighting variations, we introduce a per-image learnable embedding ek 2 RE and
concatenate it with the multi-resolution lighting features [46, 62]. Let F � s be a
lightweight MLP head, the irradiance s d 2 R3 is calculated as:

sd = F � s ( 3D
s (x); e k ): (5)
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Physically principled neural rendering. An overview of our full pipeline
is illustrated in Fig. 2, where we represent di�use albedo ad and irradiance sd

respectively using Eq. (3) and Eq. (5), and we compose the �nal RGB colour
according to Eq. (1). Crucially, we disambiguate albedo and irradiance by 1)
imposing di�usion-based albedo guidance (Eq. (4)) and 2) di�erentiating their
maximal grid resolutions, i.e., V(a)

L a
� V (s)

L s
. This design enables �ne-grained

details to �ow into the di�use albedo component when recreating the raw input
image:

L c =
X

k

X

r

k
(c) � I k (r)k; (6)

where we denote by Ik (r) the raw RGB value at pixel location r of the k-th
input image, and by 
(�) a �xed tone mapping function that converts linear color
to sRGB space [4].

Our full loss function involves the neural rendering loss (Eq. (6)) and the
di�usion-based albedo regularization term (Eq. (4)), which are jointly optimized
with respect to the learned hash entries and the MLP parameters:

L = �L a + L c; (7)

where � denotes the relative weight of the albedo regularization and we empiri-
cally set it to 1:0 for all scenes in our implementation.

3.4 Implementation details

Exposure compensation. To compensate for unconstrained camera response,
we introduce a pair of learnable scalars wk ; bk 2 R for each input image I k to
rectify the computed RGB color c [16].
Texture map baking. Our hash-encoded neural texture can be readily trans-
formed to standard texture map, making our framework integrate seamlessly
with well-established graphics pipelines. To generate the texture map, we �rst
initialize a UV-map at the desired texture resolution, with each pixel storing its
2D UV-coordinate x̂. This UV-map is then passed through our neural albedo
renderer (Eq. (3)) to produce the di�use albedo map.
Ray batching. We cache the rasterization bu�er for all input views prior to
training, which stores, for each pixel, the 3D and UV coordinates of the ray-
surface intersection and a binary foreground indicator. During training, we ran-
domly sample a set of foreground pixel rays across all views for each gradient
descent step. We empirically �nd this strategy leads to slightly better perfor-
mance and faster convergence.

4 Experiments

4.1 GigaLit benchmark

Existing benchmarks [18, 29, 34] for intrinsic decomposition and relighting are
limited to highly constrained, object-centric scenarios characterized by: 1) simple
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albedo textures with minimal �ne-grained details; 2) static illumination repre-
sented by an environment map lacking complex variations in shading and shad-
owing; 3) evenly distributed viewpoints centered around the object at a �xed
observation scale.

In light of these limitations, we introduce GigaLit, a new benchmark dataset
designed to characterize the complexity and richness of in-the-wild scenes for
di�use albedo recovery and relighting. Speci�cally, GigaLit contains 6 real-world
outdoor scenes for qualitative evaluation, featuring intricate details, strong shad-
ing, and complex shadowing e�ects. For each scene, we capture hundreds to thou-
sands of unstructured, high-quality images across multiple observation distances
and di�erent times of the day using a DSLR camera. We then run Metashape
Pro [45] for structure-from-motion, multi-view stereo, surface reconstruction and
parameterization.

To support quantitative evaluation, we also meticulously curate 10 synthetic
objects with �ne albedo details and 4K resolution texture from BlenderKit [51].
We leverage Blender [20] to simulate challenging lighting variations by altering
environment maps collected from PolyHeaven [24] and directional spot lights.
To mimic the unstructured nature of in-the-wild data, we render each synthetic
object along an upper hemispherical trajectory with varying camera-to-object
distances. We refer readers to the supplement for additional dataset details.
Baselines. We test our method with two state-of-the-art intrinsic decomposi-
tion models � RGB$X [66] and Cosmos-Di�usionRenderer (DR) [38] � both sup-
porting forward and inverse rendering via di�usion-based inference. We compare
against their raw di�usion outputs, vanilla mesh texturing methods [8,45,61], and
LightSwitch [43], which performs material estimation and generative relighting
via multi-view di�usion. We also compare with the ablated variants of our frame-
work without physically principled neural rendering ([Ours+RGB$X/DR] (w/o
PR)) throughout all experiments. For mesh-based methods, we represent di�use
albedo as standard UV texture map and perform relighting using Blender's Cy-
cles engine [27].
Experimental setup. For real-captured, in-the-wild scenes, we qualitatively
compare all baselines by recovering di�use albedo texture under the varied il-
luminations during data collection and relighting with novel environment maps
from PolyHeaven. For synthetic data, we pair each object with 5 di�erent envi-
ronment maps to simulate the unconstrained lighting for albedo recovery, where
each input view of the object is rendered using a randomly selected one. We
hold out another 5 environment maps shared across objects for relighting evalu-
ation. We use PSNR, SSIM and LPIPS as quantitative metrics, and report the
performance as the average over 10 objects, 250 views, and 5 lighting conditions.

4.2 Comparative results

Results on in-the-wild scenes. The visual comparisons on GigaLit in-the-
wild scenes are presented in Fig. 4. As observed, vanilla mesh texturing methods
like Metashape Pro [45] fail to disentangle shading and shadowing from the un-
derlying di�use albedo, leaving these irradiance components baked into the UV
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