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Abstract

High-quality material synthesis is essential for replicating
complex surface properties to create realistic scenes. Despite
advances in the generation of material appearance based on
analytic models, the synthesis of real-world measured BRDFs
remains largely unexplored. To address this challenge, we
propose M“ashy, a novel multi-modal material synthesis
framework based on hyperdiffusion. M>ashy enables high-
quality reconstruction of complex real-world materials by
leveraging neural fields as a compact continuous represen-
tation of BRDFs. Furthermore, our multi-modal conditional
hyperdiffusion model allows for flexible material synthesis
conditioned on material type, natural language descriptions,
or reference images, providing greater user control over mate-
rial generation. To support future research, we contribute two
new material datasets and introduce two BRDF distributional
metrics for more rigorous evaluation. We demonstrate the ef-
fectiveness of Mashy through extensive experiments, includ-
ing a novel statistics-based constrained synthesis, which en-
ables the generation of materials of desired categories.

1 Introduction

Material synthesis plays a crucial role in visual computing,
enabling the creation of realistic material appearances for
applications in scene understanding (Gupta, Arbelaez, and
Malik 2013), material recognition (Bell et al. 2015), intrinsic
image decomposition (Bousseau, Paris, and Durand 2009),
generative image synthesis (Karras, Laine, and Aila 2019),
and physics-based vision for simulation (Wu et al. 2017).
Material appearance is commonly modeled by the bidirec-
tional reflectance distribution function (BRDF). Although
there has been significant progress (e.g., Gatys, Ecker, and
Bethge 2015; Zhou et al. 2018) in generative modeling of
analytic BRDFs (Phong 1975; Walter et al. 2007), there is
a lack of work focusing on that of measured ones. For the
analytic BRDFs, the actual per-point reflectance model is
typically relatively simple and low-dimensional (Ngan, Du-
rand, and Matusik 2005; Guarnera et al. 2016). In contrast,
a measured BRDF is tabulated from real-world capture and
can be substantially higher-dimensional (e.g., Matusik et al.
2003), with the ability to represent complex and irregular
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scattering behaviors that exceed the expressiveness of ana-
Iytic models (Ngan, Durand, and Matusik 2005). However,
the high-dimensionality often hinders the performance of
learning-based methods. To address this gap, we propose
M3ashy, a framework for realistic material generation that
leverages neural fields (Sztrajman et al. 2021) as an alterna-
tive low-dimensional continuous representation for material
appearance that combines high-quality reconstruction with
memory efficiency. This simplifies the learning process, en-
abling the model to capture the underlying material distribu-
tion more efficiently.

An additional challenge in material synthesis is the lack
of robust quantitative metrics for evaluating synthesis qual-
ity, making it difficult to assess and compare different ap-
proaches, unlike generative models in other fields (Theis,
van den Oord, and Bethge 2016; Betzalel et al. 2022). A
final limitation is the absence of multi-modal conditioning,
which would enable users to guide the synthesis process us-
ing diverse inputs, such as material type, text descriptions or
reference images. This limitation reduces the flexibility and
control available to artists and designers. To address these
limitations, we propose a set of novel BRDF distributional
metrics and leverage a multi-modal conditional hyperdiffu-
sion model to support flexible user input.

The main contributions of this work are as follows:

A novel material synthesis pipeline using a multi-modal
conditional hyperdiffusion model that supports user-
specified material generation via material type, natural
language descriptions, or image references.

A thorough evaluation of M>ashy’s effectiveness, includ-
ing a set of novel BRDF distributional metrics and a novel
constrained synthesis experiment to synthesize materials
of desired categories.

Two new datasets: AugMERL, an enhanced collection of
tabulated BRDF values, and NeuMERL, a dataset of ma-
terials represented through INRs.

2 Related Work

Material modeling Material appearance has been widely
modeled by the bidirectional reflectance distribution func-
tion (BRDF) (Nicodemus et al. 1977; Guarnera et al. 2016;
Montes and Urefia 2012; Ngan, Durand, and Matusik 2005;
Westin, Li, and Torrance 2004). While analytic BRDF mod-
els (Phong 1975; Cook and Torrance 1982; Walter et al.



Figure 1: 3D models and scenes rendered with our synthesized neural materials demonstrate visually rich results.

2007; Burley 2012) offer efficient reconstruction and edit-
ing, their simplified assumptions limit the representation of
complex real-world materials (Ngan, Durand, and Matusik
2005; Guarnera et al. 2016; Sztrajman et al. 2017, 2019).
Data-driven approaches offer higher realism (Matusik et al.
2003), although they are often hard to manipulate and re-
quire large storage. Dimensionality reduction techniques can
alleviate this issue, but at the expense of compromising ma-
terial quality (Lawrence, Rusinkiewicz, and Ramamoorthi
2004; Nielsen, Jensen, and Ramamoorthi 2015). Recently,
deep learning methods provide efficient, low-dimensional
representations (Hu et al. 2020; Zheng et al. 2021; Sztra-
jman et al. 2021; Gokbudak et al. 2023; Fan et al. 2022;
Guo et al. 2023). Our work leverages a neural field architec-
ture (Sztrajman et al. 2021) for efficient, realistic material
modeling. Please see Sec. A for additional related work on
material acquisition and databases.

Material synthesis Material synthesis based on analytic
models has been widely explored (Zhang et al. 2024;
Memery, Cedron, and Subr 2023; Chen et al. 2023b,a; Hu
et al. 2023; Tchapmi et al. 2022; Xu et al. 2023; Henzler
et al. 2021). For data-driven representations, previous works
have resourced to various strategies, including dimensional-
ity reduction (Matusik et al. 2003; Abdi and Williams 2010),
perceptual mappings (Nielsen, Jensen, and Ramamoorthi
2015; Serrano et al. 2016; Sun, Jensen, and Ramamoorthi
2018) and deep learning (Hu et al. 2020; Gokbudak et al.
2023), but these approaches do not offer a generative mod-
eling of materials. Hu et al. (2020) use a convolutional au-
toencoder to learn a low-dimensional manifold from a mea-
sured BRDF database, enabling material editing. However,
their BRDF representation is constrained to a fixed resolu-
tion with high storage requirements. Gokbudak et al. (2023)
leverage a hypernetwork architecture to predict the weights
of a neural fields representation of material appearance.
Nevertheless, their approach requires sample measurements
of BRDF data as input and is thus limited to sparse recon-
struction. There also exist methods for text- (Xu et al. 2023;
Memery, Cedron, and Subr 2023) and image-conditioned
synthesis (Hu et al. 2020; Henzler et al. 2021), but these
either focus on analytic materials or do not provide a gener-
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ative modeling approach.

In this work, we introduce a generative approach for mea-
sured real-world material based on a multi-modal hyperdif-
fusion architecture. Our method generates continuous, low-
dimensional representations of materials, and can be con-
ditioned on material type, natural language, and images. In
Tab. 1, we compare various state-of-the-art material model-
ing methods: Our approach is the first generative pipeline to
support unconditional, multi-modal, and constrained synthe-
sis of measured real-world materials while also contributing
novel datasets and introducing quantitative metrics for ma-
terial synthesis evaluation.

3 Methods

An overview of our material synthesis pipeline, M3ashy, is
shown in Fig. 2, consisting of three main stages. First, we
augment the MERL dataset through RGB permutation and
PCA interpolation, generating the Augmented MERL (Aug-
MERL) dataset (Sec. 3.1). Next, we adopt neural fields as
a low-dimensional, continuous representation for materials,
fitting them to individual materials in AugMERL to cre-
ate a new dataset of neural material representations, Neural
MERL (NeuMERL). Finally, we train a transformer-based,
multi-modal hyperdiffusion model on NeuMERL to capture
the complex distribution of neural materials, enabling high-
fidelity and diverse synthesis through unconditional, multi-
modal conditional, and constrained generation (Sec. 4).

3.1 Data Augmentation

We utilize the MERL dataset (Matusik et al. 2003), which
includes 100 materials, each represented by Dygrr. = 90 X
90 x 180 densely sampled BRDF values.

Through experimentation, we determined that 100 sam-
ples are insufficient for effective hyperdiffusion training. To
address this, we augment the MERL dataset using RGB per-
mutation and PCA interpolation. First, we permute the three
color channels (RGB) of each MERL sample, yielding an
expanded dataset of 100 x 3! = 600 samples. An example
of RGB permutation is illustrated in Fig. 3.

After applying RGB permutation, we perform principal
component analysis (PCA) (Abdi and Williams 2010) to



BRDF modeling method Measured Generative Type Text Image CS Datasets Metrics
DeepBRDF (Hu et al. 2020) v X X X v X X X
Henzler et al. (2021) X v X X v X X v
MATLABER (Xu et al. 2023) X v X v X X X X
Memery, Cedron, and Subr (2023) X v X v X X X X
Gokbudak et al. (2023) v X X X 4 X X X
M3ashy (ours) v v v v v v v v

Table 1: Comparison of material modeling methods. Our M3ashy is the first generative pipeline for measured real-world ma-
terials that supports both unconditional and multi-modal conditional synthesis guided by type, text, or image. It also enables a
statistics-based constrained synthesis (CS) and introduces novel datasets and material distributional metrics.
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Figure 2: An overview of M3ashy, our novel neural material
synthesis framework, consisting of three main stages. 1 (top
left): Data augmentation using RGB permutation and PCA
interpolation to create an expanded dataset, AugMERL; 2
(middle): Neural field fitted to individual materials, resulting
in NeuMERL, a dataset of neural material representations;
and 3 (bottom): Training a multi-modal conditional hyper-
diffusion on NeuMERL to enable conditional synthesis of
high-quality, diverse materials guided by inputs such as ma-
terial type, text descriptions, or reference images. We fur-
ther propose a novel statistics-based constrained synthesis
method to generate materials of a specified type (top right).
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Figure 3: Six RGB permutations of the MERL material blue
acrylic. (a) represents the original material. This permuta-
tion strategy expands the dataset by a factor of 6.

reduce the dimensionality of the BRDF data from Dygrr
to 300. In this lower-dimensional space, we perform linear
interpolation to further augment the dataset, expanding it
to 2400 materials. Compared to direct linear interpolation
in the high-dimensional BRDF space, interpolation in PCA
space is more effective in capturing the underlying struc-
ture of the BRDF data and yields perceptually accurate re-
sults (Matusik et al. 2003; Lawrence, Rusinkiewicz, and Ra-
mamoorthi 2004; Romeiro and Zickler 2010). An example
of materials generated through PCA interpolation is shown
in Fig. 4. We refer to this augmented dataset as Augmented
MERL (AugMERL). For additional details on PCA, please
see Sec. B.1 in the supplementary.

©0066¢¢C

20% 40% 60% 80% 100%

0

Figure 4: Linear interpolation of two MERL materials, (a)
green metallic paint and (f) yellow plastic, in the PCA space.

3.2 Neural Field Fitting

Neural fields provide a low-dimensional, continuous repre-
sentation for material data. Following prior work (Sztrajman
et al. 2021), we overfit a compact neural field f& param-
eterized by &, to each material in AugMERL. Once fitted,
we treat the flattened weights of f& as the material’s neural
representation. With 2400 materials in AugMERL, this pro-
cess yields a dataset of 2400 neural material representations,
which we refer to as Neural MERL (NeuMERL).
Representing materials as flattened 1D vectors enables a
flexible framework for modeling complex distributions, ab-



stracting away the underlying data’s dimensionality. This ap-
proach makes our pipeline adaptable to diverse data formats.
In the following section, we detail three key techniques em-
ployed in fitting the neural fields.

Rusinkiewicz reparametrization In our preliminary ex-
periments and other studies (e.g., Sztrajman et al. 2021;
Zhou et al. 2024), it is observed that directly using the con-
ventional BRDF input format — namely the incident and out-
going directions w;,w, € R3 — can complicate the fitting
process for certain materials and occasionally introduce un-
desirable artifacts possibly due to the high dimensionality
of the input. To address this, we employ the Rusinkiewicz
reparametrization (Rusinkiewicz 1998), which defines the
half and difference vectors h and d as follows:

w; + w,

ey

Toitwo 4= oo

where Ry . denotes a rotation around the vector v by the

angle «, n is the surface normal, and b is the surface bi-
normal. This reparametrization helps improve the robustness
of the neural field fitting process by addressing reciprocity
constraints more directly (Sztrajman et al. 2021; Zhou et al.
2024).

We then proceed by adopting the spherical coordinates
of the half and difference vectors h and d, specifically
On, ¥n, 04, @4, as inputs to our neural fields. A further ad-
vantage of using the Rusinkiewicz reparametrization is that,
since our materials are isotropic, the BRDF remains invari-
ant with respect to . Consequently, we can omit this pa-
rameter, reducing the input complexity from (w;,w,) € R®
t0 (0n,0a,¢a) € [0, 5]% x [0, ). This reparametrization en-
hances the efficiency of our neural field representation with-
out sacrificing accuracy.

Mean absolute logarithmic loss The high dynamic range
of BRDF values makes fitting reflectance data particularly
sensitive to error distribution. For low reflectance values,
even minor fitting errors can have a large impact on the loss,
causing shifts in perceived “hue” in rendered images, which
leads to unrealistic colors and reduced visual fidelity. To ad-
dress these issues, we employ a mean absolute logarithmic
loss for BRDF values (Sztrajman et al. 2021):

Lnr(€) =E [ |log (1 + fy cos ;) —log (1 + & cos 0;)| ]
On,04d,0a
@

where f,. denotes the ground-truth BRDF, and 6; is the po-
lar angle of the incident direction. This loss is computed per
color channel, offering a balanced approach that stabilizes
training across samples with both low and high values. Con-
sequently, it enhances the model’s capability to manage dy-
namic reflectance variations, leading to more realistic color
reproduction and improved visual fidelity.

Weight initialization Ideally, the neural materials in
NeuMERL should originate from a consistent distribution.
However, due to a phenomenon known as weight symme-
try (Liao, Leibo, and Poggio 2016), we observe that different
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weights can yield the same neural field. For instance, swap-
ping weights between two neurons in a hidden layer, or flip-
ping the signs of both input and output weights for a neuron
before an odd, linear, or piecewise-linear activation function
like ReLU (Nair and Hinton 2010), results in an identical
neural field. To address this, we propose using the optimized
weights from the first fitted neural field as the initializa-
tion for subsequent neural field fittings. This approach helps
align the weights across all fitted fields, promoting consis-
tency within NeuMERL and facilitating smoother training
of the hyperdiffusion model in the next stage.

3.3 Multi-Modal Conditional Hyperdiffusion

To model the complex distribution within the NeuMERL
dataset, we utilize a diffusion process (Ho, Jain, and Abbeel
2020; Peebles et al. 2022; Erkog et al. 2023). Specifically,
we employ a transformer-based denoising network (Vaswani
2017), leveraging its demonstrated efficacy (Peebles et al.
2022) and its attention mechanisms allowing for an effec-
tive focus on relevant information, enhancing the network’s
ability to capture intricate dependencies in the data.

Our hyperdiffusion supports conditioning across three
modalities: material type (represented as integers), text de-
scription, and reference images. We utilize a categorical
encoding for material type, an augmented CLIP text em-
bedding (Radford et al. 2021; Zhou, Zhong, and Oztireli
2023) for text, and a ResNet (He et al. 2016) for images.
This multi-modal conditioning approach enables material
synthesis to be guided by different user inputs, enhancing
workflow intuitiveness and accessibility and allowing for a
more smooth and accurate translation of creative vision into
generated materials. For conditional sampling, we employ
classifier-free guidance (CFG) (Ho and Salimans 2022).

Please refer to Secs. B.2, B.3, C.2 and D.2 in the sup-
plementary for further details on the diffusion model, trans-
former, attention mechanism, and CFG, respectively.

4 Experiments
In this section, we present extensive experiments on M>ashy.
For additional details, please refer to the appendix: model
and experiment specifics in Secs. C and D, further results in
Sec. F, and more experiments in Sec. G.

4.1 Dataset

We fit neural fields to individual materials in the AugMERL
dataset (Sec. 3.1), which is derived from the MERL BRDF
dataset (Matusik et al. 2003). Our hyperdiffusion model is
trained on the NeuMERL dataset (Sec. 3.2), which consists
of neural material representations. The training-validation
split is 80%-20% for each individual fitting on AugMERL
and 95%-5% for NeuMERL. All samples derived from a
given material remain within one split. In the constrained
synthesis experiments in Sec. 4.5, statistical information is
gathered from the MERL dataset (Matusik et al. 2003).

4.2 Material Distributional Metrics

We use Fréchet Inception Distance (FID) (Heusel et al.
2017) as an image-based metric to assess the quality of ren-
dered single-view images.
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Figure 5: Material synthesis. Baseline models fail to capture the underlying distribution effectively, resulting in homogeneous
outputs or severe artifacts. In contrast, M3ashy successfully captures the complex neural material distribution, achieving signif-
icantly better fidelity and diversity. Our materials also support spatially varying rendering configurations (last three columns).

To the best of our knowledge, effective metrics directly
comparing material distributions are still lacking. Draw-
ing inspiration from the metrics for point clouds (Yang
et al. 2019), we introduce three novel material distributional
metrics — minimum matching distance (MMD), coverage
(COV), and 1-nearest neighbor (1-NNA) — to evaluate the
fidelity and diversity of synthesized BRDF sets S relative
to a reference set R. Each metric is based on an underlying
distance measure d( f,, f!) between two BRDFs.

Minimum matching distance (MMD) MMD measures
the average distance from each reference BRDF to its near-
est synthesized counterpart'

IRI Z

MMD evaluates the fidelity of the synthesmed set relative to
the reference, with a lower score indicating higher fidelity.

Linp (R, S)

d(
;pég, (fri f}

€)

Coverage (COV) COV calculates the proportion of refer-
ence BRDFs that are “covered” by the synthesized set. A
reference BRDF is considered covered if it is the closest
neighbor to at least one synthesized BRDF:

{ fl)flESH

4
R )

COV assesses the diversity of the synthesized set, with a
higher score reflecting better coverage.

1-nearest neighbor (1-NNA) 1-NNA is a leave-one-out
metric that measures the similarity between the reference
and synthesized BRDF distributions, capturing both diver-
sity and fidelity:

argmin d(f,
freR

Egov(R7 3) =

> I[Ny € RI+ X I[Ny €8]
freR fles

S|+ R ’

where I[-] is the indicator function and N, denotes the near-
est neighbor of f, in (R US) — {f,}. In this metric, each
sample is classified as belonging to either the reference set
‘R or the synthesized set S based on the membership of its
nearest neighbor. If R and S are drawn from the same un-
derlying distribution, the classifier’s accuracy will approach
50% with a large sample size.

E?»NNA(R: S) = ©)
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Each metric can be computed using an underlying dis-
tance d. Potential options include rendering-based metrics
such as root mean squared error (RMSE), peak signal-to-
noise ratio (PSNR), and structural similarity index measure
(SSIM) (Wang et al. 2004). Since higher values in PSNR and
SSIM correspond to greater similarity, we negate these val-
ues — resulting in NegPSNR and NegSSIM, respectively —
to make them plausible distance functions To directly assess
the distance between two BRDFs without relying on render-
ings, we also introduce the following BRDF L1 distance:

|f7' - fT/| :| ;
For further background on the image-based metrics and vali-

dation of the proposed material distributional metrics, please
refer to Sec. E in the supplementary.

(6)

dBrDF-L1 ‘= [
On,0a,0a

4.3 Unconditional Synthesis

We begin by presenting the results of unconditional syn-
thesis of neural materials using M3ashy. We compare our
approach with the PCA-based method of Nielsen, Jensen,
and Ramamoorthi (2015) and with the sparse reconstruction
model of Gokbudak et al. (2023), which uses a hypernet-
work to model measured tabular BRDF data. As Gokbu-
dak et al.’s method is not generative, we extend it with a
variational autoencoder (VAE) to enable comparison. Both
methods are applied to the AugMERL (-A) and NeuMERL
(-N) datasets, resulting in four baselines: VAE-A, VAE-N,
PCA-A, and PCA-N. We also develop another baseline,
MERLI100, that represents our method trained on the orig-
inal MERL dataset to demonstrate the effectiveness of our
data augmentation.

Table 2 provides a detailed comparison of baselines with
our proposed metrics, while Figs. 1 and 5 showcase render-
ings of these materials across various geometries and scenes.
To achieve more complex visual effects, our synthesized ma-
terials support rendering with bump or normal maps, as well
as spatially varying configurations (Jakob et al. 2022) (addi-
tional results in Sec. F). The quantitative and qualitative re-
sults indicate that M3ashy consistently outperforms all base-
lines across metrics, producing diverse, high-quality, visu-
ally appealing, and perceptually realistic renderings. This
demonstrates the effectiveness of Mashy for neural material



v B JPw
oo o0

purely diff metallic low-spec med-spec high-spec plastic

mirror

Figure 6: Synthesized materials of seven distinct categories
using our novel constrained synthesis. Grounded in BRDF
statistical analysis, this approach provides enhanced ex-
plainability and interpretability compared to standard con-
ditional synthesis methods.

synthesis. Notably, materials synthesized by some baselines
exhibit significant artifacts, likely due to the limitations of
these simpler models in capturing the complex distribution
of measured materials.

4.4 Multi-Modal Conditional Synthesis

To further evaluate the effectiveness of our pipeline, we per-
form multi-modal conditional synthesis by conditioning our
model on various modalities of input: material type, text de-
scription, or material images.

For material type conditioning, we represent each of the
48 material types in the MERL dataset (Matusik et al. 2003)
(e.g., acrylic, metallic, plastic, etc.) using integers. The full
list of material types is available in Sec. D.3 in the supple-
mentary; For text conditioning, we use descriptions derived
from the MERL dataset (Matusik et al. 2003). For addi-
tional materials in the AugMERL dataset, descriptions are
assigned as follows: For RGB-permuted materials, we re-
tain the original description but omit color-specific words
(e.g., “red metallic paint” becomes “metallic paint”); For
PCA-interpolated materials, we generate descriptions in the
format “a mixture of t4 and tp”, where t4 and tp are
the descriptions of the interpolated materials A and B, re-
spectively; For image-based conditioning, we use cropped
single-view renderings of materials from AugMERL as in-
put. We encode input texts and images using CLIP en-
coders (Radford et al. 2021).

Figures 7 to 9 present the results for type-, text-, and
image-conditioned synthesis, respectively. Across all con-
ditioning modes, the synthesized materials demonstrate re-
alism, diversity, and a close alignment with the input con-
ditions. Notably, in text- and image-conditioned synthesis,
M3ashy effectively generalizes to unseen texts (e.g., “green
metal”, “red plastic”, and “highly specular material”) and
real-world images, producing materials that are perceptually
consistent with these previously unseen inputs.

4.5 Constrained Synthesis

We classify materials into seven categories based on their re-
flective properties: diffuse, metallic, low-specular, medium-
specular, high-specular, plastic, and mirror. To enable
the synthesis of materials within a specified category, we
introduce a novel approach called constrained synthesis.
This statistics-based method complements our conditional
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Figure 7: Type-conditioned synthesis. The synthesized ma-
terials are diverse and closely align with the input type.
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Figure 8: Text-conditioned synthesis. Synthesized materials
align with the texts and generalize to unseen inputs: “green
metal”, “red plastic”, and “highly specular material”.

pipeline by enforcing constraints on unconditionally synthe-
sized samples, allowing for targeted material generation ac-
cording to desired reflective characteristics.

We derive the theoretical upper limit for a diffuse re-
flectance value, fyisuse, fOr a constant (i.e., purely diffuse)
BRDF f,(w;,w,) = faifuse in each color channel. For
a physically valid BRDF that adheres to energy passiv-
ity (Zhou et al. 2024), the reflected energy must not exceed
the incident energy in each channel. Thus, we have:

12/ fr(wi,w,) cos b, dw, )
H?2

= fdiffuse / cos O dw, = 7 fiffuse = Jfaiffuse < 1 (®)
H2 s

Building on this observation and a statistical analysis of
the MERL’s mean and maximum reflectance values across
color channels and material types (Sec. G.1 in the supple-
mentary), we propose a set of rules for categorizing mate-
rials into seven types. These rules enable the selection of
synthesized materials based on desired material characteris-
tics. Unlike many black-box machine learning approaches,
this method is rooted in BRDF analysis, offering inherent



Metric Training set PCA-A PCA-N VAE-A VAE-N MERL100 M?3ashy (ours)
FID (1) 0.187 109 238 261 100 7.56 0.440
BRDELIx103 251 905 922 909 583 430 4.02
MMD () RMSEx10? 7.54 333 302 637 155 13.4 9.34
NegPSNR 287  —139 —148 830 —209 -226 256
NegSSIMx 10 955 674 —629 —268 —68  —827 —9.40
BRDF-LI 60.8 250 30 0833 208 283 50.8
RMSE 55.8 183 283 0833 167 250 50.0
COV(%) (1 NegPSNR 56.7 183 283 0833 183 25.0 50.0
NegSSIM 592 233 167 0833 175 25 517
BRDF-LI 58.8 100 954 100 967 25 80.0
RMSE 55.4 963 934 100 933 84.6 60.0
I-NNA (%) (1) NegPSNR 55.0 942 900 100 933 84.6 60.4
NegSSIM 575 9%63 967 100 933 86.3 61.7

Table 2: Qualitative evaluation of unconditional synthesis with metrics assessing generation fidelity and diversity. M3ashy
significantly outperforms all baseline models across these metrics, underscoring its effectiveness in neural material synthesis.

Figure 9: Image-conditioned synthesis. Each of the eight
pairs consists of the input (left) and the synthesized (right).
M3ashy effectively generates realistic materials that closely
align with the conditioning images and generalizes to un-
seen, real-world images (last column).

explainability and interpretability. Below, we outline two of

these rules, with the full set detailed in Sec. D.4.

* Purely diffuse materials: The reflectance values in all di-
rections do not exceed the diffuse threshold fjifruse, allow-
ing for only e := 8 x 10 exceptions:

‘{(woawi) € RG | ||fr(w07wi)||oo > fdiffuse}| <e, (9)

where |[|-||, denotes the maximum reflectance value
among the three color channels.

* Metallic materials: The reflectance values in all directions
exceed the diffuse threshold fjifruse:

Y(wo,wi) € R, || f(wo,wi)|l o > Fiftuse (10)

Figure 6 shows materials generated through our con-
strained synthesis, incorporating the proposed filtering rules
to ensure that the synthesized outputs match the specified
material categories. The results demonstrate that the synthe-
sized materials effectively exhibit the characteristics of the
desired categories.

4.6 Ablation Study

To assess the impact of our augmented material dataset Aug-
MERL, we further train our model on the original MERL
dataset in the unconditional synthesis task. We report both
quantitative and qualitative results for this model, presented
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Metric Sparse reconstruction | Compression
MERL AugMERL |MERL AugMERL
PSNR (1) 322 36.3 45.2 48.3
DeltaE (}) 2.1 1.8 0.693 0.623

SSIM (1) 0.972 0.983 0.994 0.994

Table 3: Quantitative comparison of training on MERL
versus AugMERL in the sparse BRDF reconstruction and
BRDF compression experiments. The results demonstrate
that training on AugMERL consistently enhances perfor-
mance across all metrics.

in the “MERL100” columns of Tab. 2 and Fig. 5, respec-
tively. The results indicate that the model trained on Aug-
MERL exhibits higher quality and diversity compared to the
one trained on MERL, demonstrating the effectiveness of
our augmented dataset in enhancing the synthesis pipeline.
Additionally, we conduct sparse BRDF reconstruction
and BRDF compression experiments following a previous
method (Gokbudak et al. 2023). For sparse reconstruction,
we set the sample size to N = 4000, while for compres-
sion, we use a latent dimension of 40. In both experiments,
we train the model on either the original MERL dataset or
the AugMERL dataset. The results, summarized in Tab. 3,
demonstrate that training on AugMERL consistently en-
hances material quality across all evaluated metrics, further
validating the effectiveness of our augmented dataset.

5 Conclusion

We introduced M>ashy, a multi-modal material synthesis
approach with hyperdiffusion. Using neural fields as the
core representation, we trained hyperdiffusion on their
weights, demonstrating its ability to generate high-quality,
diverse materials. Additionally, we contribute two material
datasets and three BRDF metrics for future research.
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