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Fig. 1. Creating complex materials at scale is challenging. We introduce a material enhancement procedure that uplifts PBR materials into visually rich
appearances that can be compactly represented as neural materials. By adding surface effects, we can make an object appear waxy, peach-fuzzed, or
sugar-coated (top row). Similarly, we can introduce subtle spatial specular breakup, as well as large-scale changes like clearcoat or dust layers (bottom row).
The small insets show the textures used by each model. Normal maps are applied unchanged to the neural material.

Generative models for material creation are fundamentally limited by the
quality and expressivity of available training data. Simple physically based
rendering (PBR) materials, which combine a diffuse term with a single-lobe
specular component, are commonly used for training but are insufficient to
capture many important visual effects present in real materials.

We present a method that enhances such simple PBR materials to more
expressive ones, by augmenting the single GGX specular lobe into a layered
model that captures a broader range of non-diffuse effects. Starting from
a simple material, we procedurally construct a corresponding multi-lobe
non-diffuse component guided by physical priors, enabling effects such as
dust, clearcoat, and layered scattering. To provide a compact representation
for downstream applications, we encode this non-diffuse component as a
neural material with a shared 6D latent space, where each material instance
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is represented by two latent textures and decoded by a pretrained universal
MLP. We further regularize the latent space to support material generation.

The resulting neural material dataset enables training generative models
for richer material creation. To demonstrate this application, we finetune
a video diffusion model to produce neural latent textures that encode our
multi-lobe material, and present generative results as proof of feasibility.
Our procedural data enhancement approach is an important step toward
improving expressivity in material generation.
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Fig. 2. Simple PBR material models cannot reproduce complex surface
e�ects of real materials such as (from le� to right) double highlights (haze),
dust, clearcoat, or thin translucency.

1 Introduction
Generative models recently emerged as a new way of authoring ma-
terials. However, the quality of these models is inherently bound to
the quality and coverage of input training data. While large datasets
exist for simpli�ed appearance models using the basic combination
of a di�use and a GGX specular BSDF [Walter et al. 2007], these
models fail to encompass the visual richness of real-world surfaces.

As can be seen in Fig. 2, real-world materials show e�ects like
clearcoat, dust and other imperfections, which are necessary to
achieve realistic appearances but require more expressive models.
Such models include OpenPBR [Andersson et al. 2025], the Dis-
ney Principled BSDF [Burley 2012], or even custom BSDFs and
layering solutions like MaterialX [Smythe and Stone 2017], and
are commonly used in VFX. However, large-scale datasets for these
high-�delity models do not exist. Since manually authoring complex
materials is prohibitively expensive, the �eld lacks the data neces-
sary to train the next generation of expressive material synthesizers.

Unlike prior work that focuses on enhancing texture resolu-
tion [Gauthier et al. 2024] or detail while retaining simpli�ed shad-
ing models, leaving the BSDF representation untouched [Hadadan
et al. 2025], our goal is to expand the appearance space of the BSDF
itself. To achieve this, we propose a procedural dataset augmentation
pipeline that uses simple, widely available low-dimensional material
data as input and uplifts it into a more expressive layered BSDF
representation, guided by physical principles and domain priors.
We further encode our uplifted data into a compact, 6D universal
neural representation, with a regularized latent space suitable for
downstream generative applications.

The contribution of this work is a pipeline (Fig. 3) for constructing
a large dataset of expressive neural materials from existing PBR
datasets: we describe our per-material procedural enhancement
process, explaining design decisions (Section 3), and discuss our
neural compression of the enhanced materials (Section 4). As an
example demonstration, we use our resulting dataset to train a
generative model that can produce materials with improved visual
richness compared to simple PBR materials.

2 Related Work
Our work builds on prior advances in procedural material modeling,
neural materials, and generative models, as reviewed in this section.

Procedural Material Enhancement. Computer graphics has long
relied on specialized models to capture distinct surface appearances.
Dedicated models exist for e.g. fuzz [Zeltner et al. 2022], dust [Lucas
et al. 2024], haze [Barla et al. 2018], and clearcoat [Weidlich and

Fig. 3. Our upli�ing pipeline. Procedural rules create an enhanced material
as MaterialX graph while reusing existing textures. We use a universal
decoder D with frozen weights and optimize only the latent textures.

Wilkie 2007], but these e�ects are often underrepresented in training
data for generative material models. Structural enhancements on
analytical materials are typically restricted to microscale e�ects like
the addition of �akes [Atanasov and Koylazov 2016; Chermain et al.
2020; Xing et al. 2024], scratches [Raymond et al. 2016; Werner et al.
2017] and other imperfections [Dong et al. 2016; Kuznetsov et al.
2019]. To expand the appearance space, materials can be synthesized
from measured data [Zhou et al. 2026], but such data lacks spatial
variation. We consider texture resolution improvements or tech-
niques that purely operate on PBR textures like [Chen et al. 2025]
orthogonal to our work; these textures are inputs to our uplifting.

Our uplifted BRDF is a deterministic, analytic model that avoids
precomputation [Jakob et al. 2014; Zeltner and Jakob 2018], making
training and evaluation e�cient relative to position-free layering
[Guo et al. 2018]. Neural layering is another option [Fan et al. 2022;
Guo et al. 2023], but our analytic form is simpler and easier to extend
to new materials. Volumetric methods [Wang et al. 2022] are less
useful, as input data is lacking. Unlike �xed-structure models such
as OpenPBR, our model is easy to extend through adding BSDFs.

Neural Materials. Neural materials [Kuznetsov et al. 2021; Zelt-
ner et al. 2024] replace analytical BSDFs and textures with small
neural networks and corresponding latent textures. They provide a
powerful way of representing self-shadowing, �bers, and complex
micro-structures. Recently, there is also a generative neural material
approach [Raghavan et al. 2025] for 2D material patches, which
combines a universal MLP de�ning a basis for neural materials
and a conditional di�usion model for generating neural material
latents from text or images. In this work, we extend the generative
neural material approach to texture-mapped 3D objects, creating
object-speci�c materials with enhanced expressivity.

Di�usion Models. Image di�usion models add noise to an image
through a sequence of di�usion steps. They are trained to reverse
this process, enabling sample generation by iterative denoising
starting from Gaussian noise. Many generative models have been
developed based on similar principles [Dhariwal and Nichol 2021;
Ho et al. 2020; Sohl-Dickstein et al. 2015]. Video di�usion mod-
els [Blattmann et al. 2023a,b; Hong et al. 2023; NVIDIA 2025; Wan
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Fig. 4. A schematic illustration of our enhanced BRDF. The specular compo-
nent includes eight lobes, while the di�use component is unmodified. Lobes
3, 4, 5 and 6 are the basic core and haze reflection lobes, whereas lobe 1, 2, 7
and 8 are what we call �decorator lobes.�

2025; Yang et al. 2024b] extend image-based di�usion to the tem-
poral domain, enabling video generation from text or images. In
our application of generative neural materials, we build upon the
Cosmos [NVIDIA 2025] video di�usion model.

Material Extraction using Di�usion. Various approaches com-
bine image di�usion models with inpainting, or texture re�ne-
ment [Chen et al. 2023; Richardson et al. 2023; Yeh et al. 2024; Zeng
et al. 2024]. By �netuning image di�usion models, conditioning on
geometry and lighting [Deng et al. 2024; Zhang et al. 2024a], light
and material disentanglement are improved.

Another line of research leverages databases of PBR materials,
and learns to project the input (image or text) onto the known
representation [Ceylan et al. 2024; Fang et al. 2024; Zhang et al.
2024b]. These methods are limited by the expressiveness of their
material databases, but bene�t from improved regularization.

By �netuning multi-view image di�usion models [Shi et al. 2023]
conditioned on normal maps, per-object materials can be generated
from text or image inputs. These approaches [Boss et al. 2025; Zhang
et al. 2024c] generate a set of views of PBR texture maps, which
are projected into texture space. Recent methods [Chen et al. 2024;
Engelhardt et al.2025; Feng et al.2025; He et al.2025; Seed 2025; Shao
et al. 2025; Yang et al. 2025] extend this approach with additional
conditioning (e.g. depth and/or world space positions).

A common limitation is lack of view consistency, which may re-
sult in blurring in the extracted textures. By �netuning video models
for object rotation, view consistency is improved [Hasselgren et al.
2026; Munkberg et al. 2025; Voleti et al. 2024; Yang et al. 2024a]. The
view consistency problem can be avoided by having the di�usion
model operate directly in 3D space [Xiang et al. 2025, 2024; Yu et al.
2024b], but these approaches require large-scale supervision with
high quality 3D models.

3 Procedural Enhancement of Simple PBR Materials
Our goal is to build a dataset of physically plausible materials that
spans a wide range of appearances. We represent these materials
using a multi-lobe BRDF capable of expressing diverse visual phe-
nomena (Section 3.1), and construct them by procedurally enhancing
simple PBR materials from existing datasets (Section 3.2).

3.1 Generalized Non-Di�use Reflection Model
A simple PBR material consists of a Lambertian di�use lobe and a
GGX specular lobe; here, we consider PBR materials parameterized

by base color, roughness, and metalness maps [Karis 2013; Khronos
2025]. In our proposed BRDF model, shown in Fig. 4, we replace the
single GGX specular lobe with a multi-lobe non-di�use component
while preserving the Lambertian di�use term. Maintaining separate
di�use and non-di�use components in our design enables �exible
editing of each part (see Section 5.3), and makes rendering tasks
such as denoising (requiring albedo) remain straightforward.

Our non-di�use component consists of eight lobes combined
via coating and mixing, organized into conductive and dielectric
branches. The conductive branch models metallic re�ection with
two lobes of di�erent roughness, denoted core and haze; the dielec-
tric branch similarly contains two lobes layered above the original
di�use component, with optional scattering lobes in between. The
two branches are combined through mixing, and additional decora-
tor lobes may be layered on top. The formulation and parameters
used for each lobe are guided by domain knowledge from material
science and VFX production materials [Emrose et al. 2022; Kulla and
Conty 2017; Matusik et al. 2003; Ngan et al. 2005; Polyanskiy 2025].

Core and Haze Lobes. 3 4 5 6 In the specular component of
a simple PBR model, base color and metalness are typically used
together to de�ne an e�ective Fresnel re�ectance (e.g. [Karis 2013]);
moreover, a single surface roughness is used. In contrast, every
material we construct includes two conductive GGX lobes and two
dielectric ones. We model metallic and non-metallic re�ection sepa-
rately using conductive and dielectric GGX lobes to preserve their
respective Fresnel behavior. In addition, both conductive and dielec-
tric branches adopt two correlated roughness scales (see Section 3.2):
a lower-roughness core lobe that produces a sharp highlight, and
a higher-roughness haze lobe that captures blurrier re�ection. To-
gether, these lobes produce characteristic double-highlight appear-
ances that often make materials more realistic, as shown in Fig. 1
(Haze) and Fig. 2 (leftmost).

Decorator Lobes. To expand the range of achievable appearances,
we also include four optional decorator lobes, each modeling a
distinct type of surface or volume scattering, in thin media above
or below the main specular re�ection.

Dust/Fuzz1 Our top-layer decorator is a sheen lobe [Kulla and
Conty 2017] that captures strongly view-dependent e�ects coming
from dust or fuzz (short hair). The strength and angular dependence
of this lobe are controlled by a weight and a thickness parameter.
We use the term �dust� if the weight of this lobe is modulated by
the object's surface normal, and use �fuzz� if the weight is uniform.

Clearcoat2 Clearcoat is modeled as a low-roughness GGX lobe
under the dust/fuzz lobe. Coated upon both the conductive and
dielectric GGX lobes, it models a thin, glossy coating like glazing.
The lobe is controlled by a binary weight (1 if present) and an IOR.

Inner Scattering7 We use another sheen lobe beneath the di-
electric GGX lobes to model view-dependent scattering within thin
layers. It primarily a�ects grazing angle appearances by introducing
soft, retro-re�ective scattering. The lobe is controlled by a weight, a
thickness parameter, and a scatter color.

Subcutaneous Scattering8 This is a rough, tinted GGX lobe under
the inner scatter lobe, modeling subtle, low-order scattering from
the otherwise opaque-looking bulk material and producing a soft,
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Fig. 5. Enhancement e�ects used in our dataset as compared to the simple
PBR model. Our haze enhancement (Type 0) is applied to all materials, while
Types 1�5 correspond to di�erent combinations of decorator lobes.

gently colored highlight. It is controlled by a binary weight, a high
roughness, and a scatter color loosely coupled to the base color.

Details on all lobes, their parameter ranges and constraints, and
isolated e�ects of each lobe are in our supplemental material (Sec1).

3.2 Procedural Enhancement of Simple PBR Materials
We now describe how a speci�c simple PBR material instance is
procedurally enhanced into a multi-lobe material from Section 3.1.

In order to more accurately represent specular re�ection from
both conductors and dielectrics and improve upon the limited ap-
pearance of single-roughness highlights, our baseline enhancement�
on all materials�replaces the single GGX lobe with four specular
lobes, mapping the original base color, roughness, and metalness
textures to the parameters of our core and haze lobes.

First, we use metalness to mix the conductive and dielectric
branches without further modi�cation, preserving its intended mean-
ing as an indicator of whether a material is metallic or dielectric.
While this may allow �half-metal� materials (e.g. metalness 0”5), in
practice, most maps in PBR datasets are near-binary. The complex-
valued IOR of the conductive GGX lobes are derived from the simple
PBR base color, following [Gulbrandsen 2014], while the IOR of the
dielectric GGX lobes is sampled separately from a bounded range.

Moreover, we use the single roughness texture from the simple
PBR material to compute two correlated roughness scales for our
core and haze lobes. LetA 2 ¹0•1º be the input roughness, typically
converted to GGX roughness U via U = A2. We instead construct

Ucore = A?• Uhaze= B � A@• (1)

where? ¡ 2,@ Ÿ2, andB ¡ 1 are per-material scalars sampled
within their ranges (see supplemental Sec2). In our design, the same
¹Ucore• Uhazeº pair is shared by both dielectric and conductive GGX
lobes to preserve the artistic intention of the input roughness data.

This process de�nes our haze-only enhancement, denoted as
Type 0. We include �ve other appearance types by enabling addi-
tional decorator lobes (Fig. 5), with the last two types (4�5) applied
only to dielectric materials. These types span a range of additional
appearances but do not exhaust all possible combinations. Parame-
ters of decorator lobes (e.g. dust thickness, clearcoat IOR) are sam-
pled from physically meaningful ranges to ensure realistic results,

Fig. 6. Example masks that modulate spatial variations in dust (le� images)
and clearcoat (right images), simulating fingerprints or ripple-like pa�erns
on dust layers and dents or scratches on shiny coatings.

with some (e.g. subcutaneous scatter color) loosely tied to the input
PBR parameters to maintain consistency with the bulk material.

Type 1: Dust1 We enable the dust/fuzz lobe by setting its weight
nonzero. To simulate dust accumulation, this lobe weight is driven
by the world-space normal vectors of the object, favoring upward-
facing surfaces, and further shaped by spatially varying masks that
introduce features such as �ngerprints on dust applied through
triplanar mapping. Examples of dust variation masks are in Fig. 6.

Type 2: Clearcoat2 We enable the clearcoat lobe by setting its
weight to 1 across the material, and optionally modulate the weight
texture with binary masks, to simulate small damages on the coating.

Type 3: Dust + Clearcoat1 2 Combining Type 1 and Type 2,
producing surfaces that have a glossy coating and a dust layer.

Type 4: Fuzz + Inner- and Sub-Scatter1 7 8 We apply the
dust/fuzz lobe with uniform weight over dielectric objects to produce
a fuzzy look (see Fig. 1, peach fuzz). To further soften the appear-
ance, we also enable the inner and subcutaneous scatter lobes in the
dielectric branch. The scatter color, shared by both lobes, is derived
from the base color via gentle desaturation.

Type 5: Fuzz + Clearcoat + Inner- and Sub-Scatter1 2 7 8 All
lobes are enabled, with the dust/fuzz lobe applied uniformly. The
inner- and sub-scattering lobes soften the appearance at grazing
angles. If the fuzz weight is high, the fuzz reduces the sharpness of
the clearcoat, yielding a milky or gel-covered appearance.

Details of each enhancement type are in the supplemental ma-
terial (Sec2), along with comparisons to simple PBR appearances.
Currently, we allow any enhancement type on any input material,
which might produce uncommon appearances. A natural extension
is to guide our type selection using object/material recognition.

4 Neural Representation of Enhanced BRDFs
Our enhanced BRDF contains a Lambertian di�use lobe and a multi-
lobe non-di�use component. The non-di�use component requires
22 parameters (supp-Sec1) and is impractical to use directly for
generative material applications. Instead, we represent the non-
di�use component as a neural material with a compact 6D latent
space�compressing the 22 parameter textures into two RGB latent
textures�and combine it with the di�use lobe to form the full BRDF.

4.1 Neural Material Formulation
As in prior work on neural materials [Zeltner et al. 2024], we train
a single encoder�decoder MLP pair to represent the space of non-
di�use materials expressible by our multi-lobe model. After training,
the network weights are frozen [Raghavan et al. 2025], de�ning a
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Fig. 7. Comparison of informed vs. random training data and theirFLIP error
images [Andersson et al. 2020]. We reconstruct the same reference material
with both approaches. The network built with informed data captures the
reference material significantly be�er than the one with random data.

latent space shared across material instances. Individual materials
are then represented by distinct latent textures in this 6D space.

Our universal decoder MLP consists of four hidden layers with 64
neurons each, and uses an exponential activation function. Given
a 6D latent vector, which represents a non-di�use material, along
with a pair of queried directions¹l 8• l >º, the decoder outputs a
BRDF value5neu¹l 8• l >º, as well as a transmission albedo) neu¹l 8º
and a luminance re�ectance value 'neu¹l 8º.

In particular, )neu¹l 8º represents the fraction of incident energy
transmitted through the non-di�use material5neu; it is used to en-
force energy conservation when layering5neu above a Lambertian
di�use lobe to build the full, enhanced BRDF. Speci�cally, using2
to denote the PBR base color, our combined BRDF is

5 ¹l 8• l >º = 5neu¹l 8• l >º ¸ ) neu¹l 8º
2
c

• (2)

Moreover,' neu¹l 8º is a scalar measure of re�ected energy in5neu,
used for importance sampling between this non-di�use component
and the di�use lobe during rendering. In addition to the evaluation
decoder, we also train a sampling decoder following [Zeltner et al.
2024], used for importance sampling within the non-di�use BRDF.

4.2 Universal MLP Training
We next describe our data used for training the universal neural
material, as well as practical challenges encountered in the training.

Training Data. Training the universal neural material does not
require a large curated material database, as our goal is to learn the
directional behavior of BRDFs represented by our multi-lobe model
rather than how material parameters may vary across a textured
surface. Thus, we generate training materials procedurally, matching
the statistical distributions of the materials we hope to represent.

Our training data comprises �ve material classes. Four are themed
classes targeting speci�c appearance e�ects: haze, dust, clearcoat,
and inner/subcutaneous scattering. These classes enable correspond-
ing decorator lobes alongside optional additional lobes, allowing the
network to learn both isolated and combined e�ects. Each themed
class contains an 8192� 8192 grid of material data points, generated
from a total of 4096 distinct base materials per theme. For each
base material, all parameters (except specular color) are held con-
stant while roughness is densely sampled, yielding 16384 (128� 128)
roughness variations per base material. To ensure physical plausi-
bility and prevent the network from wasting capacity on unlikely
combinations, base material parameters are sparsely sampled from

a prede�ned data distribution. In Fig. 7, we compare training with
our physically informed, biased data distribution and with purely
random material data, where both setups use the same training time,
network size, and number of material samples.

In addition, we include a �fth in�ll class to populate the latent
space more uniformly (see �latent space regularization�). In this
class, each cell in the 8192� 8192 parameter grid corresponds to
a material whose parameters are sampled independently and uni-
formly in their ranges. This gives rise to another 67M randomly
parameterized materials. Visualization of all material classes, physi-
cally informed training data preparation, and training details are in
the supplemental document.

Latent Space Regularization. We aim to obtain a neural material
with a latent space suitable for downstream generative material
creation. However, our appearance space is substantially larger than
that of prior work (e.g. [Raghavan et al. 2025]) due to our material
uplifting. For our generative process we need a low-dimensional la-
tent space, but compressing 22 parameters into six channels leads to
an entangled mapping from original parameters to latent channels,
making it challenging to build a well-behaved latent space.

Early on, as we �netuned di�usion models (Section 5.2) on small
datasets, di�usion-generated latent codes sometimes decoded to
invalid materials (producing Infs or other artifacts), spoiling up to
50% of our outputs. This suggested that the neural material latent
space had useful materials packed closely against invalid regions,
making small errors in generation result in unusable outputs. To
resolve this, we made two training adjustments to help smooth the
mapping between materials and latent codes.

First, adding the already mentioned in�ll class containing random
input materials helped populate the latent space more uniformly.
Since this class is only 20% of our training data, the reconstruction
quality was not signi�cantly a�ected by including random, possibly
implausible materials. Second, we injected small uniform noise in
the range of ±0.005 into latent values when evaluating the recon-
struction loss. This requires the decoder to accurately reconstruct
BRDFs from slightly perturbed latent codes and made our neural
model less sensitive to perturbations in latents and more robust for
generative use. The bound of 0.005 was chosen experimentally based
on our training data, as the largest value we could adopt without
leading to a large increase in training loss. While we did preliminary
experiments with a learned jittering noise range instead of a �xed
one, we did not observe improvements over our simple jittering
strategy. Overall, we found that combining random in�lling and
latent jittering largely eliminated artifacts in material generation.

4.3 Per-Material Optimization
With a pretrained universal decoder, we can then convert analytical
materials enhanced from simple PBR inputs, initially described by
many parameter maps, into neural materials speci�ed with 6D latent
codes�only two RGB textures. For each individual material, we
optimize its latent textures against the frozen universal decoder1.

1Latent codes directly computed with the analytical parameters and the universal
encoder are not su�ciently accurate for materials not present in the training data.
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