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Fig. 1. Every material in this rendered scene is a procedural material that was automatically created by MATch from a single flash photograph captured with
a cellphone. All the target materials are visualized underneath. The created materials can be found in Figure 6 and Supplementary Material Figure S2.

We present MATch, a method to automatically convert photographs of ma-
terial samples into production-grade procedural material models. At the
core of MATch is a new library DiffMat that provides differentiable build-
ing blocks for constructing procedural materials, and automatic translation
of large-scale procedural models, with hundreds to thousands of node pa-
rameters, into differentiable node graphs. Combining these translated node
graphs with a rendering layer yields an end-to-end differentiable pipeline
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that maps node graph parameters to rendered images. This facilitates the
use of gradient-based optimization to estimate the parameters such that
the resulting material, when rendered, matches the target image appear-
ance, as quantified by a style transfer loss. In addition, we propose a deep
neural feature-based graph selection and parameter initialization method
that efficiently scales to a large number of procedural graphs. We evaluate
our method on both rendered synthetic materials and real materials cap-
tured as flash photographs. We demonstrate that MATch can reconstruct
more accurate, general, and complex procedural materials compared to the
state-of-the-art. Moreover, by producing a procedural output, we unlock
capabilities such as constructing arbitrary-resolution material maps and
parametrically editing the material appearance.
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2016], we use losses based on the statistics of deep neural features
of the VGG network [Simonyan and Zisserman 2015] to compare
the rendered image to a target example [Aittala et2016; Guo et al

1 INTRODUCTION 2019]. Optimizing the graph parameters using these losses allows us
Procedural materials have become very popular in the computer 10 reproduce the target image appearance without requiring perfect
graphics industry (movies, video games, architecture, and prod- Pixel alignment between these images.

uct visualization). These materials are often represented as node Ve apply our graph translation scheme to publicly available
graphs, where each node may denote simple image processing op-Procedural material librariesto create a set of 88 di erentiable
erations, but the collective graph can produce material maps (like 9raphs. Given an example RGB image, we propose an e cient graph
albedo, normals, roughness, etc.) for highly complex, real-world Selection scheme to rstidentify the most appropriate graphs out of
spatially-varying BRDFs (SVBRDFs). In contrast to SVBRDFs that this set. We use a pre-trained VGG network to extract deep features

are explicitly de ned in terms of per-pixel material parameter maps,
such procedural material models have a number of advantages: they
are compact in memory, resolution-independent, e cient to eval-
uated for interactive feedback during the material design process,
and can be easily edited to generate material variations. However,
such procedural materials are manually designed by expert artists
using professional tools a time-consuming process that is often
well beyond the capabilities of novice users.

The goal of our work is to enable a light-weight material acquisi-
tion method that can automatically create procedural materials from
captured images. While this would be extremely challenging to do
from scratch, there already exist datasets of high-quality procedural
materiald that can serve as a starting point. Therefore, we present
MATch (short for MATerial Match), a method to convert a target
RGB image (for example, but not limited to, a ash photograph
taken with a cellphone) into a procedural material by identifying
an appropriate procedural model from a model library, and esti-
mating the node parameters of that model to best match the target
appearance. In particular, we focus on estimating the continuous
node parameters in the Iter nodes of the procedural model, while
keeping the discrete parameters and generator nodes xed (these
typically govern the types and random seeds of base patterns and
noises). As we show in this paper and illustrate in Figure 1 where
every single material has been automatically captured from a single
cellphone ash photograph this is already su cient to reproduce
a wide variety of real-world materials.

MATch is anoptimization-basedhethod where we treat the node
graph as analogous to a neural network whose parameters can be
estimated; in our case the parameters are not network weights, but
the various node parameters in the graph. This approach requires a
key element: a di erentiable version of a given material graph that
can be evaluated forward and backward (for gradient computation).
We accomplish this by introducing a procedural material modeling
library Di Mat to translate procedural material node graphs into
di erentiable programs. We demonstrate that Di Mat can handle
production-grade procedural material graphs (with hundreds of
nodes and thousands of parameters) representing complex spatially-
varying BRDFs.

We combine the translated di erentiable material graphs with a
di erentiable rendering layer to create an end-to-end di erentiable
graph parameter-to-image pipeline that enables parameter estima-
tion through gradient descent. Inspired by previous work on texture
synthesis and image style transfer [Gatys et 2015; Gatys et al

Lhttps://share.substance3d.com/, https://source.substance3d.com/
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from the image and use graph-speci ¢ shallow networks to predict
parameters from these extracted features. These network-predicted
parameters are coarse but su cient to select the top-3 graphs that
best match the input image appearance. Finally, we optimize for the
parameters of the selected graphs using our di erentiable pipeline.
Together, our three contributions(i) An e cient graph selec-
tion and node parameter initialization networKiji) an optimization
scheme and loss function that recovers accurate parameter values
from captured images, anii) a procedural material modeling li-
brary Di Mat that can automatically translate procedural graphs
into di erentiable node graphs enable single-shot high-quality pro-
cedural material capture. Compared to the state-of-the-art inverse
procedural material design work of Hu et al. [2019] who also select
a procedural material from a library and estimate its parameter
to match an input image (albeit via direct network prediction as
against our optimization-based approach), we recover additional
BRDF parameters that de ne complex, real-world materials (such
as roughness and metallicity), estimate a signi cantly larger set of
node parameters for production-scale procedural models and demon-
strate more accurate, photorealistic reconstructions. Unlike recent
work on single-image material capture that reconstructs per-pixel
spatially-varying BRDFs [Aittala et aP016, 2015; Deschaintre et al
2018, 2020; Li et &2018b], which are limited in resolution and sur-
face coverage or require an initialization from a resolution-limited
method [Gao et al2019], our method converts images into pro-
cedural materials that are higher-quality, resolution-independent,
editable, support seamless tiling and have small storage require-
ments. We illustrate this in Figure 1 by constructing procedural
materials from a wide range of real-world materials captured using
a hand-held cellphone in unconstrained conditions.

2 RELATED WORK

Material CaptureCapturing the parameters of spatially-varying
BRDFs is a classic problem in computer graphics; please see Guarn-
era et al. [2016] for a recent survey of this body of work. While
one could scan the entire 6-dimensional SVBRDF using a spher-
ical gantry, this is expensive and rarely necessary. The goal of
many previous methods is to reduce the measurement e ort and
output parameter maps for di use color, normal, specular rough-
ness/glossiness, and specular albedo. Among the rst solutions that
scanned such maps using a linear light was Gardner et al. [2003].
More recently, Aittala et al. [2013] used Fourier patterns projected
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Fig. 2. An exemplar leather material graph created using Substance Designer. The graph starts with several generator nodes that provide initial pa erns
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for subsequent filter nodes to manipulate. The graph is internally partitioned into subgraphs that create di erent visual a ributes of the leather pa ern. It

outputs four material maps that define the parameters of an SVBRDF.

onto an LCD screen in combination with a general optimization al-
gorithm to recover per-pixel SVBRDF parameters, but their number
of measurements was still quite high (hundreds).

Aittala et al. later reduced the number of measurements required
to two photos [2015] and later a single photo [2016], under the
assumption of stationarity (perceptual uniformity) of the output
textures. A key component of the latter work was a texture de-
scriptor, inspired by work on texture synthesis and style transfer
work [Gatys et al 2015; Gatys et aP016], and based on feature
maps of the VGG network [Simonyan and Zisserman 2015]. We also
use this approach with some modi cations, both in our optimization
and in training predictor networks.

More recently, the work of Li et al. [2018b] and Deschaintre et
al. [2018] introduced a direct end-to-end prediction approach using
convolutional neural networks, mapping single-image measure-

et al. [2017] have introduced texton noise, a related approach of
higher performance, while Heitz and Neyret [2018] developed a fast
histogram blending approach to produce non-repeating noise-like
textures from small exemplars. While these approaches are related
to our work, as they are also driving a procedural model by (real
or synthetic) example images, they are limited to relatively simple
stationary noise patterns. On the other hand, they have advantages
such as speed and small memory footprint.

Inverse Procedural Material Modelirty et al. [2019] recently
introduced a method for inverse procedural material modeling that,
like us, given an input RGB image, selects a procedural material
graph from a library, and estimates graph parameters to best match
the given image. However, unlike our optimization-based approach,
they train neural networks to directly predict the parameters from

ments to material parameter maps. These approaches have alsoinput images. In their work, they constrain themselves to a Lam-

been extended to handle multiple input images, either via pooling
of features [Deschaintre et a2019] or inverse rendering-based op-
timization in an auto-encoder latent space [Gao et 2019]. For
large-scale materials, Deschaintre et al. [2020] ne-tuned the net-
work on close-up ash photographs of the test sample to achieve
better generalization for the entire material. While these results can
be impressive, the reconstruction quality varies with the input, often
showing blurring or loss of quality for novel views or light posi-
tions. Moreover, the resulting maps have a low resolution (typically
256 250, are not tile-able nor easily editable afterwards. For these
reasons, procedural outputs have signi cant advantages. In fact,
using a procedural material model can be thought of as applying a
prior to the underconstrained material capture problem; this has
aregularizing e ect that, in addition to the other advantages of a
procedural model, also leads to higher-quality results.

Procedural noise by exampBeveral previous methods produce
noise patterns that can be controlled by example images. Galerne
et al. [2012] produce noise textures with speci ed power spectra
based on Gabor noise. The parameters controlling the noise charac-
teristics can be estimated from examples. More recently, Galerne

bertian BRDF model (predicting only di use albedo and surface
normals) and predict only a subset of the graph parameters (the
exposed parameters of the graph). Moreover, these network pre-
dictions can be coarse, leading to apparent di erences between the
input image and the predicted graph result. They propose using a
post-process style transfer step to better match the results. Unfortu-
nately, this is a non-parametric step that diminishes the advantages
of procedural representation. Finally, their work requires a separate
deep parameter prediction network for every single graph in their
library, leading to a substantial memory footprint. On the other
hand, our pipeline is fully di erentiable and re nes the prediction
by iterative optimization. This allows us to optimize for all node
parameters of a graph and support non-Lambertian BRDF models,
which leads to signi cantly more accurate material reconstructions.
Finally, our network selection and parameter prediction use deep
features from a pretrained network and only train shallow fully-
connected networks per graph, making it much more compact. We
believe our work is a major evolution of their framework, with
higher exibility and power.

The recent work by Guo et al. [2019] also addresses parameter
estimation for procedural material models. Their focus is more
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on a Hamiltonian Monte Carlo sampling approach in a Bayesian
framework. They also explore style transfer losses based on the
Gram matrices of VGG features. However, their procedural materials
are small hand-written pieces of code, and their approach does not
utilize network parameter prediction nor automatic material choice.
In contrast, we substantially expand the set of materials to closely
match the capabilities of production-scale systems, and scale to
many more estimated parameters (hundreds), while also combining
optimization with neural network prediction.

3 PROCEDURAL MATERIALS: OVERVIEW AND
DIFFERENTIABILITY

Procedural material node graphs are directed acyclic graphs of
largely two types of nodesgeneratorand Iters. Generator nodes
create spatial textures from scratch based on user-speci ¢ param-
eters, and include both noise generators (like Perlin noise) and
structured pattern generators. Filter nodes manipulate input tex-
tures using operations ranging from pixel value manipulations (like
color or contrast edits) to image processing (like Itering, warping,
blending, etc.); these nodes are parameterized by the control param-
eters of the functions they implement (for example, kernel size for
a box lter or opacity for a blending node). The connectivity of the
graph de nes a sequence of operations that start with 2D scalar or
vector maps (usually created by generator or data store nodes) and
manipulate them (usually operations de ned by the Iter nodes)
to nally output a set of materials maps. In this work, we focus on
four material maps albedo (or base color), normals, roughness, and
metallicity that specify the parameters of the simpli ed Disney
BRDF model [Burley 2012] that has become the de-facto standard
in the real-time and o ine rendering industry.

Procedural materials have several desirable properties. They are
often resolution-independent changing the resolution of the gen-
erator outputs changes the nal texture map resolution. Editing
the various node parameters generates di erent material variations.
Procedural design-based tools also enable artists to hierarchically
design materials. For example, an artist can construct a graph that
produces a speci ¢ material appearance and embed into a larger
graph to generate more complex materials. Thus, while the basic
nodes of a procedural material design tool might be simple opera-
tions, they can be combined to construct signi cantly more complex
nodes or sub-graphs that can be reused in many material designs.

Figure 2 shows an example leather procedural material graph.
This graph has 43 Iter nodes and 127 node parameters with fairly
complex connectivity that allows it to produce a wide range of
photorealistic leather material appearances. Typical production pro-
cedural materials are even more complex than this example.

3.1 Di erentiability of Node Graphs

Recent work on learning-based inverse graphics has found that
combining neural networks with graphics models can lead to more
interpretable, and in many cases, more accurate results [Deschaintre
et al 2018; Hu et al2018; Li et al2018b; Tewari et aR017]. How-
ever, this requires that the graphics model itself be di erentiable
to allow for training via back-propagation. This has prompted the
development of di erentiable libraries for computer vision [Riba
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etal 2020], rendering [Hiroharu et aR018; Li et al2018a; Loper and
Black 2014; Nimier-David et £2019], geometry processing [Fey and
Lenssen 2019] and spatially sparse computing [Hu e2@PR0]. Simi-
larly, we wish to explicitly use procedural node graphs as the output
of material capture as they provide a compact and interpretable
material representation. This is currently not possible because there
exist no tools to e ciently evaluate procedural materials (forward
and especially backward) in an optimization framework.

Our insight is that typical procedural materialter nodesconsist
of image processing operations that are closely analogous to opera-
tions common in convolutional neural networks (CNNs). With very
few exceptions, Iter nodes either act as convolutions (blurs, edge
detectors, etc.) or as per-pixel operations (curves, blends, thresholds)
to each pixel of the input map(s) separately. This is closely related
to the typical components of CNNs: convolutions and point-wise
operations (activation functions such as ReLU, sigmoids, etc.). This
leads to our insight that the Iter nodes in a production procedural
material system can, in fact, be fully translated to a modern machine
learning framework, and thus being fully di erentiable.

On the other hand, thgenerator nodesre not always express-
ible in this way. However, in this work, we choose to not optimize
generator node parameters and focus only on estimating the Iter
node parameters. The reason is that changing generator node pa-
rameters tends to produce di erent instances of the same pattern
(for example, di erent instances of the same kind of noise); that
is, the parameters act mostly as random seeds. We consider these
variations to be di erent instances of theamematerial (for exam-
ple, corresponding to di erent pieces of the same leather material).
Since our goal is to reproduce the visual appearance of the target
image and not the exact pixel values (which would be extremely
challenging if not impossible), we nd that optimization of genera-
tor parameters is not typically necessary. In contrast, changing the

Iter node parameters, often fundamentally changes the material
appearance (for example, from matte brown leather to glossy red
leather).

Based on these observations, we implement a procedural material
modeling library Di Mat consists of di erentiable atomic (base-
level) Iter nodes and compound (high-level) Iter nodes based on
the atomic set. Di Mat also integrates an automatic graph translator
that translates complex procedural material graphs into di eren-
tiable graphs. In Sec. 4, we describe how we use these translated
di erentiable graphs to produce high-quality materials from input
images. In Sec. 5, we discuss the implementation of our di erentiable
material graph library.

4 MATERIAL CAPTURE WITH PROCEDURAL GRAPHS

Given a library of di erentiable graphs, we follow a two-step process
to recover a procedural material from a target photograph. First,
we identify the most relevant graphs for the input photograph.
We train networks to, given an image, directly predict the node
parameters of each graph. We process the input photograph with
these parameter prediction networks, evaluate the error between
images rendered with these predictions and the input image, and
pick the top-3 graphs with the lowest errors. Second, we use an
optimization-based method to t the parameters of each of these
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Fig. 3. Overview of MATch's fully di erentiable procedural material design pipeline. Given an input target image (potentially a flash photograph captured
using a cellphone), we compute an input texture descriptor (fla ened Gram matrix) using a pre-trained VGG network. For each procedural material in
our library, we train a parameter prediction network by appending fully connected layers to this texture descriptor. We use these models to predict node
parameters of the target image for every material graph, and generate the corresponding SVBRDFs using the di erentiable material graphs translated by
Di Mat. We render images from these SVBRDFs, compute their corresponding texture descriptors and select the top-3 material graphs with the'lpwest
texture descriptor di erence with respect to the input. Finally, we refine the previously predicted node parameters using a gradient-based optimization with
our di erential node graphs to improve the match with the target image. The material graph (along with the refined node parameters) that produces the

closest matched result is output as the final result. Here, we visualize this pipeline with a real, captured wood material sample.

graphs to the target image. Our entire pipeline is illustrated in
Figure 3. We now describe this process in detail, starting with our
parameter optimization method.

4.1 Image-based Parameter Optimization

Given a speci ¢ translated grapls, our goal is to estimate node
parameters that will produce a spatially-varying BRDF whose ren-
dered appearance will reproduce a target imalye,In particular,
we are interested in the material parameter vectoof lengthk, a
concatenation of alkk optimizable parameters of the node gragh

We de ne the parameter map evaluation operatiot that encom-
passes the evaluation @. Given as input, it produces parameter
maps of a simple BRDF model combining a microfacet and di use
term: albeda, normal vectom, roughness and metallicitym (the
latter is a spatially-varying weight blending between a dielectric
and metallic interpretation of the BRDF). Therefore,

la;n;r;m°= Mt ©: 1)

As mentioned in Sec. 3, we do not optimize over generator node
parameters (typically random noise seeds)nstead, we precompute
the generator outputs and keep them xed in our estimation, i.e.,
we optimizeM? jz°. In the following, we skipz for brevity.

The rendering operatoR takes the generated maps and com-
putes a rendered image under known illumination. We assume a
single target image captured by centered co-located point light and

camera (simulating a cellphone camera with ash), though exten-
sions to other con gurations, including multiple lights or views, is
straightforward. The predicted synthetic image can be written as:
| = RIM? %= Rla:n;r;m°: 2)

Note that both operatord andR are di erentiable; this allows
for gradient computation by backpropagating through the entire
expressiorRtM? %, Di erentiable rendering operators have also
been previously used for material capture, albeit with per-pixel
SVBRDF representations [Deschaintre et al. 2018; Li et al. 2018b].

Optimizing for requires us to de ne a loss function between
the rendered imagd, and target imagel, . Such a loss cannot rely
on pixel-perfect alignment of texture features because the spatial
patterns between the two images are unlikely to match exactly. We
use the popular style loss function that was proposed by Gatys et
al. [2015; 2016] for image style transfer, and has been used by many
previous methods, including material capture [Aittala et aD16;
Guo et al. 2019]. This loss function can be written as:

I—G = kT(31|° TG 1 ok]_; (3)
whereTg is a Gatys texture descriptor de ned by the concatenation
of the Gram matrices of the ve feature maps before each pooling
layer of the VGG [Simonyan and Zisserman 2015] network.

We compute the Gram matrix using the VGG-19 network without
batch normalization, provided by thtorchvisionlibrary. We also
replace the max-pooling by the average pooling, as suggested by
Gatys et al. We normalize images by the mean/variance for ImageNet
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Fig. 4. Rendered images of 88 automatically translated procedural material graphs, marked with row and column index. All images are rendered from the

maps produced by Di Mat. The image resolution 512 512pixels. Readers are encouraged to zoom in to examine image details.

data before feeding them to the VGG network. We compute the Gram
matrix descriptors for images at multiple resolutions (speci cally

a wide range of material appearance beyond their semantic class.
Therefore, we propose an automatic graph selection method. This

resolutions of 512, 256, and 128); this improves the perceptual match method rst directly predicts the parameters of each graph for the

over multiple scales.

We use Adam optimizer [Kingma and Ba 2014] with a learning
rate of 5e-4 to optimize the Gram matrix loss. Because Eqn. 2 is fully
di erentiable, we can backpropagate through the rendering and
the whole material graph to update the values ofdirectly. This
is in contrast to previous work that used the style transfer loss to
optimize for material maps/images [Aittala et al. 2016].

4.2 Network-based Graph Selection and Initialization

The choice of the graph used to match a target image a ects the
quality of reproduction. Yet, when a large set of material graphs
is given, manually choosing the appropriate graph is non-trivial;

this is especially so, because as shown in Fig. 6, production-grade

procedural graphs are often over-parameterized and can represent
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target image and uses this prediction to select candidate graphs.
These predictions can also be used as initializations to the optimiza-
tion, accelerating convergence, and leading to a better solution for

di cult input targets.

Similar to Hu et al. [2019], we predict the material parameter
vector using a neural network that takes the target imalgeand
returns an estimate of . Hu et al. train a parameter prediction
network, based on the AlexNet [Krizhevsky et @012] backbone,
for everyprocedural graph in their dataset. This incurs a signi cant
e ort to train models for each material completely from scratch and
has a large storage footprint.

Instead of training individual deep networks end-to-end, we ex-
tract image features using a pretrained VGG network and only train
multi-layer perceptrons with three fully connected layers for each
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