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Fig. 1. Comparison of single-image procedural material capture with Neural Proxies [Hu et al. 2022a] (left) and MATch [Shi et al. 2020] (middle). See Sec. 4.2
for a detailed discussion. (Right) Our new differentiable procedural material library, Diffmat v2, is able to translate artist-created production-grade procedural
materials into differentiable programs without relying on proprietary automation tools [Shi et al. 2020]. See Appendix Fig. 10 for additional examples.

Node-graph-based procedural materials are vital to 3D content creation
within the computer graphics industry. Leveraging the expressive repre-
sentation of procedural materials, artists can effortlessly generate diverse
appearances by altering the graph structure or node parameters. However,
manually reproducing a specific appearance is a challenging task that de-
mands extensive domain knowledge and labor. Previous research has sought
to automate this process by converting artist-created material graphs into
differentiable programs and optimizing node parameters against a pho-
tographed material appearance using gradient descent. These methods in-
volve implementing differentiable filter nodes [Shi et al. 2020] and training
differentiable neural proxies for generator nodes to optimize continuous
and discrete node parameters [Hu et al. 2022a] jointly. Nevertheless, Neural
Proxies exhibits critical limitations, such as long training times, inaccura-
cies, fixed resolutions, and confined parameter ranges, which hinder their
scalability towards the broad spectrum of production-grade material graphs.
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These constraints fundamentally stem from the absence of faithful and effi-
cient implementations of generic noise and pattern generator nodes, both
differentiable and non-differentiable. Such deficiency prevents the direct
optimization of continuous and discrete generator node parameters without
relying on surrogate models.

We present Diffmat v2, an improved differentiable procedural material li-
brary, along with a fully-automated, end-to-end procedural material capture
framework that combines gradient-based optimization and gradient-free
parameter search to match existing production-grade procedural materials
against user-taken flash photos. Diffmat v2 expands the range of differen-
tiable material graph nodes in Diffmat [Shi et al. 2020] by adding generic
noise/pattern generator nodes and user-customizable per-pixel filter nodes.
This allows for the complete translation and optimization of procedural
materials across various categories without the need for external proprietary
tools or pre-cached noise patterns. Consequently, our method can capture a
considerably broader array of materials, encompassing those with highly
regular or stochastic geometries. We demonstrate that our end-to-end ap-
proach yields a closer match to the target than MATch [Shi et al. 2020] and
Neural Proxies [Hu et al. 2022a] when starting from initially unmatched
continuous and discrete parameters.
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1 INTRODUCTION
The pursuit of photorealistic rendering has significantly increased in
recent years, driven by emerging applications such as constructing
digital twins of real-world environments for virtual and augmented
reality, transferring robotic control policies learned in simulations
to physical tasks, and training autonomous vehicles to navigate
hazardous situations. In each of these scenarios, incorporating high-
quality, detailed materials on 3D assets substantially enhances the
perception of realism, which in turn improves task performance
or user experience in downstream applications. Typically, materi-
als in physics-based rendering are modeled by spatially varying
bi-directional reflectance distribution functions (SVBRDFs) and en-
coded as pixel maps. These pixel maps can be acquired by scanning
real objects or created using image processing tools like Adobe Pho-
toshop. However, this conventional authoring workflow presents
challenges in creating meaningful appearance variations, adjusting
resolutions, and ensuring seamless tiling.

Recently, procedural textures have emerged as a popular alterna-
tive to pixel maps for representing materials. A procedural texture is
a computer-generated image produced through an algorithm. In the
case of current production-grade materials, this algorithm is embod-
ied by a functional node graph consisting of noise/pattern generator
nodes and filter nodes. Procedural material graphs offer mathemati-
cal abstractions for abundant material appearances based on diverse
graph structures. These appearances can be generated on-demand
at any resolution, eliminating the need for explicit storage in raw
pixels [Ebert et al. 2002]. Furthermore, the appearance of proce-
dural materials can be semantically controlled via meta-parameters,
which connect groups of low-level node parameters to high-level,
intuitive meanings (e.g., the number of annual rings in a tree trunk).
This allows artists to simply tweak a few exposed parameters rather
than tediously manipulating low-level parameters.
Procedural textures are notably thriving due to the maturity of

industry-standard authoring tools such as Adobe Substance 3D
Designer (S3D) [Adobe 2022a]. However, mastering these tools de-
mands considerable training. Professional artists may spend hours
or even days creating a production-grade material graph and fine-
tuning a multitude of parameters to adjust intricate details. In order
to alleviate the burden of extensive parameter tweaking for artists,
inverse procedural material modeling methods have been devel-
oped, which automatically predict or optimize the node parameters
of an artist-created material graph to match a photographed ap-
pearance [Hu et al. 2019a; Shi et al. 2020]. The MATch framework,
developed by Shi et al. [2020], translates material graphs into differ-
entiable programs for optimizing continuous filter node parameters
using gradient descent. Hu et al. [2022a] further extends this ap-
proach by training differentiable neural network approximations
for generator nodes, enabling the joint optimization of continuous
and discrete parameters.

Despite some successful examples, these inverse methods struggle
to scale well against the vast spectrum of production-grade proce-
dural materials due to the absence of accurate, computationally
efficient noise/pattern generator nodes. MATch relies on pre-cached
generator node outputs using S3D’s proprietary tools, which leads

to failure when initial and target textures do not match in spa-
tial scaling. Neural Proxies [2022a] can optimize generator nodes
but suffers from several fundamental limitations, including long
training times, inaccuracies, fixed resolutions, and poor generaliza-
tion outside training data. Therefore, their method has only been
demonstrated on a narrow range of materials containing one or two
supported generator nodes.

To address the inadequacies of current differentiable procedural
material capture approaches, we introduce Diffmat v2, an advanced
differentiable procedural material modeling library with three key
additions to Diffmat [Shi et al. 2020]: generic differentiable noise
generators, stochastic pattern generators, and custom differentiable
pixel shading functions. Diffmat v2 ’s dedicated node graph sys-
tem for noise and pattern generation accurately reproduces the
FX-Map node in S3D, a complex generator node that serves as the
core building block for almost all procedural noises and patterns.
Our reproduction achieves near-per-pixel accuracy, where the only
difference lies in random number generation. The underlying imple-
mentation is carefully engineered to provide runtimes comparable
to S3D (see Table 1). Moreover, Diffmat v2 includes a specialized
node graph system for creating custom differentiable pixel shaders,
corresponding to S3D’s Pixel Processor node. Thanks to its func-
tional enhancements, Diffmat v2 stands as the first self-contained
library capable of automatically translating production-grade pro-
cedural materials into equivalent differentiable programs without
relying on S3D’s proprietary tools.

Diffmat v2 substantially enriches the collection of existing mate-
rials that can be fully translated and optimized. More importantly,
it enables the co-optimization of continuous and discrete (integer)
generator node parameters without neural network approximations.
In contrast, Neural Proxies requires training a new model for any
change in texture resolution, categorical node parameters, or de-
fault parameter ranges. On the other hand, our analytical implemen-
tation produces pixel-matching results irrespective of resolution
and parameter settings while computing accurate gradients dur-
ing backpropagation. Harnessing these advantages, we propose
an end-to-end procedural material capture pipeline that combines
gradient-based and gradient-free approaches to automatically op-
timize the entire set of node parameters in a prespecified material
graph (e.g., obtained from nearest neighbor search [Shi et al. 2020]).
Compared to previous works [Hu et al. 2022a; Shi et al. 2020],

our method captures a perceptually closer appearance to the target
photo across diverse material categories. Additionally, we demon-
strate the translation of high-level exposed parameters from a refer-
ence graph to a target graph for streamlined post-editing. In sum-
mary, our work incorporates new infrastructure and algorithms to
enable more robust inverse procedure material capture and intu-
itive post-editing, offering artists enhanced support throughout the
entire creative process.

Diffmat v2 is hosted onGitHub (https://github.com/mit-gfx/
diffmat). Additional data is available at http://diffmatv2.csail.
mit.edu.
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Fig. 2. Visualization of an example FX-Map graph that combines Quad-
rant, Iterate, and Switch nodes to generate an approximated FX-Map icon,
where the output pattern of each node is shown next to its position. A
Quadrant node can apply an optional 2D transformation to its output (in
blue frames). In addition, some nodes generate patterns that vary between
iterations since their behaviors are contingent on the iteration number.

2 RELATED WORK
Procedural noise is a fundamental tool for generating realistic tex-

tures for natural materials with rich visual details [Ebert et al. 2002].
It is largely classified into lattice, explicit, and sparse convolution
noises [Lagae et al. 2010a]. Lattice noises are generated by inter-
polating random values/gradients defined at the grid points of an
integer lattice. The most famous example is Perlin noise [Perlin 1985,
2002]. Meanwhile, alternatives to integer lattices were proposed to
mitigate axis-aligned artifacts and reduce the computational cost,
such as lattice convolution noise [Wyvill and Novins 1999] and
simplex noise [Olano et al. 2002]. Explicit noises are generated in a
more deterministic process [Cook and DeRose 2005; Fournier et al.
1982; Lewis 1986, 1987]. A prominent category of explicit noises is
generated through Fourier spectral synthesis, which creates noises
with distinct power spectra by filtering white noise in the frequency
domain [Anjyo 1988; Gardner 1984; Goldberg et al. 2008; Saupe 1988;
van Wijk 1991; Voss 1988]. Finally, sparse convolution noises are
produced as the sum of randomly positioned and weighted kernel
functions [Lagae et al. 2009; Lewis 1984, 1989; Praun et al. 2000].
We refer readers to the survey by Lagae et al. [2010a] for a more
detailed discussion.

Inverse procedural appearance capture optimizes a procedural ap-
pearance model to match materials against user-specified examples.
Early attempts used hand-crafted templates and rules to extract
structural and local information from the source examples [Dis-
chler et al. 2002; Eisenacher et al. 2010; Lefebvre and Poulin 2000;
Lefebvre et al. 2010]. The effectiveness of these methods primarily
depends on the quality of the templates, and their applications are
often restricted to certain material categories. For more stochastic
and isotropic texture examples, procedural noises are employed to
directly match their appearances by optimizing the power spectrum

in both the image and frequency domains [Galerne et al. 2012; Guo
et al. 2019; Lagae et al. 2010b]. Example-based noises such as lo-
cal random phase noises [Gilet et al. 2014], Texton noise [Galerne
et al. 2017], and histogram-preserving blending operator [Heitz and
Neyret 2018] were proposed to accommodate more appearance vari-
ations. Hu et al. [2022b] expands upon this concept by modeling
procedural noises using hierarchical, multi-frequency texture de-
composition. However, the expressiveness and general usability of
the resulting materials are limited due to an insufficient set of noise
patterns, filters, and decomposition models [Hu et al. 2022b].

The advances in node-based procedural material authoring tools
(e.g., Adobe Substance 3D Designer, Blender) facilitated the creation
of complex procedural materials. Simultaneously, these tools fos-
tered an online community where artists can freely share and reuse
high-quality assets. Such a phenomenon has inspired a new line of
methods that leverage artist-designed production-grade graphs to
match photographedmaterial appearances. Hu et al. [2019a] predicts
the exposed parameters (artist-defined high-level meta-parameters)
in a material graph using neural networks. Shi et al. [2020] employs
gradient descent to optimize both exposed and low-level node pa-
rameters based on a differentiable version of S3D (Diffmat). As an
improvement, Hu et al. [2022a] further develops differentiable neural
proxies to approximate generator nodes that are non-differentiable
or challenging to implement, enabling the joint optimization of con-
tinuous and discrete parameters. Yeh et al. [2022] applies Diffmat to
procedural material capture from indoor 3D photos. Last but not
least, Guerrero et al. [2022] establishes a new research direction by
training a transformer network to generate new material graphs
unconditionally. Their work paves the way for learning-based pro-
cedural material synthesis from image prompts. Nonetheless, we
continue to focus on node parameter optimization for existing graph
structures, substantially improving its capabilities and practicality
compared to previous works.

For a review of non-procedural inverse appearance capture meth-
ods, we refer readers to Appendix. A.

3 METHOD
This section introduces the new computational infrastructure, Diff-
mat v2, and our end-to-end inverse procedural material capture
pipeline. We first describe the theory and differentiable implemen-
tation of FX-Map (Sec. 3.1) and Pixel Processor (Sec. 3.2). They are
fundamental to replicating sophisticated generator and filter nodes
in S3D. Next, we discuss how to update continuous and discrete node
parameters without neural network approximations by alternating
between gradient-based and gradient-free optimization (Sec. 3.3).
Finally, we introduce an efficient approach to translating exposed
parameters from a reference material to a target material (Sec. 3.4),
providing artists knobs for high-level semantic material editing.

3.1 FX-Map Theory and Implementation
The FX-Map node, according to S3D, is the most powerful and com-
plex node that enables the procedural creation of texture images.
Functionally, FX-Map represents a generalized noise generation pro-
cedure that recursively subdivides the texture canvas into smaller
regions and renders atomic texture patterns in these regions. The
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Fig. 3. A simplified directional emboss filter implemented using Pixel Processor, which applies a simulated lighting effect to a grayscale height map. The
function node graph is organized by colored frames to showcase groups of nodes that constitute an integral functionality. Intermediate results at crucial nodes
are visualized, where images with negative values are normalized to [0, 1]. Diffmat v2 compiles the function graph into Python code sequence on the right
side of the figure, where per-pixel instructions are automatically generated by referencing PyTorch API.

subdivision follows a quadtree structure with a canvas area evenly
split into four squares in the next quadtree layer. The 22𝑑 squares
at the 𝑑-th quadtree layer constitute an octave of depth 𝑑 . The ren-
dering step draws one or multiple atomic patterns at the center of
each square (𝑑, 𝑖, 𝑗) (𝑖, 𝑗 ∈ {0, 1, . . . , 2𝑑 − 1}). Each atomic pattern
𝐹𝑑,𝑖, 𝑗,𝑘 (𝑥,𝑦) (𝑘 is the pattern index; 𝑥,𝑦 are pixel coordinates) un-
dergoes a user-defined spatial transformation 𝜉𝑑,𝑖, 𝑗,𝑘 [·] that can be
either deterministic or random. Deguy and Benassi [2001] showed
that the FX-Map procedure achieves a close approximation of inter-
mittent locally self-similar Gaussian processes (ILSSGP), of which
fractional Brownian motion (fBM) is a special case. On a 2𝑀 × 2𝑀
canvas C with a max octave depth 𝐷 , the FX-Map output 𝐼 (𝑥,𝑦)
is defined by the following recursive formula (𝑥,𝑦 are omitted in
image-level calculation for simplicity)

𝑇𝑑,𝑖, 𝑗 (𝑥,𝑦) =
𝑅𝑑,𝑖,𝑗∑︁
𝑘=1

𝛼𝑑,𝑖, 𝑗,𝑘 ·𝜉𝑑,𝑖, 𝑗,𝑘
[
𝐹𝑑,𝑖, 𝑗,𝑘

] (
2𝑑𝑥−2𝑀−𝑑𝑖, 2𝑑𝑦−2𝑀−𝑑 𝑗

)
(1)

𝑆𝑑,𝑖, 𝑗 =


𝑇𝑑,𝑖, 𝑗 𝑑 = 𝐷

𝑇𝑑,𝑖, 𝑗 +
∑︁

𝑢,𝑣∈{0,1}
𝑇𝑑+1,2𝑖+𝑢,2𝑗+𝑣 0 ≤ 𝑑 < 𝐷 (2)

𝐼 = 𝑆0,0,0 (3)

Here,𝑇𝑑,𝑖, 𝑗 (𝑥,𝑦) blends the 𝑅𝑑,𝑖, 𝑗 rendered atomic patterns at square
(𝑑, 𝑖, 𝑗), where the intensity of each pattern is parameterized by
𝛼𝑑,𝑖, 𝑗,𝑘 . 𝑆𝑑,𝑖, 𝑗 denotes the partial texture after blending all atomic
patterns in the sub-quadtree of square (𝑑, 𝑖, 𝑗). Under this formula-
tion, FX-Map’s construction process is conceptually equivalent to
the depth-first traversal of the quadtree:

(1) Starting from the root (𝑑 = 0), every quadtree node generates
𝑅𝑑,𝑖, 𝑗 atomic patterns 𝐹𝑑,𝑖, 𝑗,𝑘 , each transformed by 𝜉𝑑,𝑖, 𝑗,𝑘 [·]
and rendered on the canvas with intensity 𝛼𝑑,𝑖, 𝑗,𝑘 .

(2) Enumerate four child nodes and traverse their subtrees recur-
sively. Return to the parent node upon completion.

(3) Repeat (2) until returning to the root node.

If the same pattern function 𝐹 is used for all atomic patterns and
𝑅𝑑,𝑖, 𝑗 ≡ 1, FX-Map effectively constructs an fBM noise by reusing
the same noise map (with scaling and shifting) in all octaves instead
of resampling the noise with different parameters at each octave.

The FX-Map node in Adobe Substance 3D Designer is designed us-
ing a dedicated quadtree graph system comprising three specialized
nodes: Quadrant, Iterate, and Switch. A Quadrant node generates
an atomic pattern and renders the pattern onto the canvas under a
user-defined transformation function. This node also subdivides the
rendering region into four identical quadrants, each corresponding
to one child node at the next quadtree layer and accessible via an in-
put connection. Moreover, S3D can construct a directed multigraph
from the FX-Map quadtree by collapsing identical Quadrant nodes
at the same depth into a single node. As a result, a chained Quad-
rant node sequence is equivalent to a full quadtree during top-down
traversal, allowing for the generation of highly intricate texture
maps. Building on quadtree structure defined by Quadrant nodes,
Iterate and Switch nodes specify repetition and branching behaviors
during quadtree traversal, respectively. An Iterate node accepts two
inputs, first drawing the left subtree on the canvas, then rendering
the right subtree repeatedly for a user-specified number of itera-
tions. Introducing randomness to the right subtree further increases
texture complexity since the randomness applies to each iteration
individually. In contrast, A Switch node renders either subtree based
on a custom Boolean decision function. This node is commonly used
to prune unwanted subtrees or alternate between branches during
quadtree traversal. In Fig. 2, we show a simple FX-Map instance
consisting of all three node types. Intermediate results produced by
each node are placed aside to visualize node behaviors.
Without access to S3D’s proprietary codebase, we developed an

in-house implementation of the FX-Map graph system using Py-
Torch [Paszke et al. 2019] and the Taichi programming language [Hu
et al. 2019b] after thoroughly comprehending its functionalities. As
with S3D, our implementation includes full-featured versions of
Quadrant, Iterate, and Switch nodes. Diffmat v2 accurately repro-
duces S3D’s output for FX-Map and other noise/pattern genera-
tor nodes built upon various FX-Map instances, with only minor
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differences in random number generation (see Fig. 4). Our imple-
mentation reorganizes the FX-Map construction procedure into two
phases: pattern generation and rendering. In pattern generation, the
FX-Map quadtree is traversed depth-first through all three types
of nodes. Upon visiting each node, we first compute the node pa-
rameters by fetching constant values from a look-up dictionary or
evaluating Value Processors associated with dynamically-valued
parameters. Next, we execute the node’s function based on its type.
Each Quadrant node produces a pattern rendering job parameter-
ized by spatial transformation, color intensity, and blending option.
Rendering jobs are collected in a global job queue in the order of
their timestamps upon creation. The rendering phase begins once
the traversal is complete. During this phase, an FX-Map renderer
sequentially transforms atomic patterns in the job queue and draws
them on the canvas. The result is an FX-Map image. Besides ad-
hering to the default FX-Map algorithm, our system implements
various FX-Map nodes using different acceleration methods. This
allows us to avoid the exponential scaling in computational cost
due to the sequential nature of FX-Map traversal and rendering (see
more technical details in the Appendix).

3.2 Graph System for Pixel Processor
Pixel Processor is a generic node-graph-based per-pixel shader in
S3D, where the user defines a function graph that computes a numer-
ical output for each pixel. Unlike most atomic filter nodes that only
conduct prescribed operations, a Pixel Processor node can execute
mathematical functions of arbitrary complexities based on rudimen-
tary numeric and logical operators. Therefore, many advanced filter
nodes are represented by Pixel Processors, such as the Sobel opera-
tor, geometric warping, Cartesian-to-polar coordinates conversion,
and even ray tracing. Fig. 3 demonstrates a Pixel Processor that
computes a pixel-wise scalar function to emboss a grayscale image.
S3D defines diverse function graph nodes for value definition and
manipulation, and we refer readers to the official documentation
for a full catalog [Adobe 2022b].
Despite the ability to parse function graphs in S3D, Diffmat can

not execute them in parallel per pixel. Thus, Diffmat v2 compiles
S3D’s function graph representation into an equivalent PyTorch
program with unified support of scalar and per-pixel execution. The
generated Python program is automatically differentiable whenever
it references a continuous parameter or an intermediate texture
map that receives gradient. Diffmat v2 also implements many miss-
ing function nodes in Diffmat, such as image sampling nodes and
Set/Sequence nodes (see technical details in the Appendix). These
additions are a cornerstone for successfully reproducing many noise
generators in S3D (see Fig. 5).

3.3 End-to-end Inverse Procedural Material Capture
Our material capture pipeline augments MATch with integer pa-
rameter optimization. Given a user-provided or algorithm-selected
material graph, let its continuous parameters be 𝜽 = (𝜽𝑓 , 𝜽𝑔, 𝜽𝑔),
where 𝜽𝑓 , 𝜽𝑔 , 𝜽𝑔 are the vectors of differentiable continuous pa-
rameters in filter nodes, differentiable continuous parameters in
generator nodes, and non-differentiable continuous parameters in
generator nodes, respectively. Similarly, let its discrete (integer)

parameters be 𝝓 = (𝝓𝑓 , 𝝓𝑔), where 𝝓𝑓 and 𝝓𝑔 are the vectors of
discrete parameters in filter nodes and generator nodes, respec-
tively. Finally, we set 𝒆 = (𝒆𝜽 , 𝒆𝜽 , 𝒆𝝓 ), where 𝒆𝜽 represents exposed,
differentiable continuous parameters, 𝒆𝜽 represents exposed, non-
differentiable continuous parameters, and 𝒆𝝓 represents exposed
discrete parameters. Similar to Hu et al. [2022a], our optimization
consists of three stages.

Stage 1: Gradient-based initialization. In this stage, we adjust the
continuous parameters to approximately match the global albedo
and align the geometries if the graph includes affine transformation
nodes. When the initial material appearance deviates significantly
from the target, optimizing integer parameters directly may not
yield an ideal solution. This step aims to reduce the appearance
gap and facilitate convergence to a better solution in the next stage.
Our framework allows the user to determine the granularity of
optimization by stopping the gradient for 𝜽𝑓 , 𝜽𝑔 , and 𝒆𝜽 , respectively.
This is crucial for maintaining predefined material structures (e.g.,
preventing undesired randomness in uniform tile or weave patterns)
or preserving the interpretability of optimized parameters (e.g.,
confining the optimization to exposed parameters). Without loss of
generality, we assume all differentiable continuous parameters are
optimizable. The optimization is given by

𝜽 (1)
𝑓
, 𝜽 (1)𝑔 , 𝒆 (1)𝜽 ← argmin

𝜽𝑓 ,𝜽𝑔,𝒆𝜽

∥ T (I(𝜽 , 𝝓, 𝒆)) − T (𝐼 )∥ , (4)

T is a texture descriptor operator that computes the Gram matrix
of extracted VGG19 features [Gatys et al. 2015]. I(·) denotes the
rendered texture image under an input node parameter configura-
tion. 𝐼 refers to the target photo. ∥·∥ represents L1 loss. We run no
more than 2000 iterations of gradient descent.

Stage 2: Gradient-free mixed integer optimization. After gradient-
based initialization, we employ gradient-free methods to optimize in-
teger parameters 𝝓, continuous generator node parameters (𝜽𝑔, 𝜽𝑔),
and exposed parameters 𝒆. We optionally include a portion of dif-
ferentiable continuous parameters here because they either control
input noises/patterns alongside discrete parameters (i.e., 𝜽𝑔) or spec-
ify semantic constraints among node parameters (i.e., 𝒆). The user
may choose to ignore them to reduce the granularity of optimization.

Mathematically, this stage constitutes a mixed-integer non-linear
programming (MINLP) problem that entails NP-hard combinatorial
optimization [Belotti et al. 2013]. Since the concatenation of a proce-
dural material graph, a differentiable rendering layer, and a neural
network texture descriptor creates an exceedingly sophisticated ob-
jective landscape that precludes analytical simplifications [Lee and
Leyffer 2011], we turn to generic mixed-integer optimizers such as
Bayesian optimization (BO), simulated annealing (SA), and genetic
algorithm (GA). BO is computationally expensive when optimiz-
ing numerous continuous and integer parameters in a production-
grade material graph. SA and GA are hindered by poor sample
efficiency and may produce implausible material appearances due
to aggressive random exploration. To balance exploration, stability,
and computational cost, we ultimately opt for a coordinate descent
approach based on the intuition that most node parameters affect
relatively orthogonal properties (e.g., color, size, and offset) and can
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Fig. 4. omparison of Diffmat v2’s reproduced FX-Map, Pixel Processor, and other pattern generator node outputs with S3D (ground truth). An error map is
visualized at the bottom right corner of each reproduction. All pattern generator nodes (Column 3-8) are created from various FX-Map instances. Diffmat
v2 achieves per-pixel match in nodes that do not implement any randomness or whose randomness is disabled by node parameters (Column 1, 3-5). Otherwise,
our reproduction is perceptually identical but pixel-wise different (Column 2, 6-8) because S3D’s pseudo-random number generation algorithm is non-public.

be optimized independently. Our method alternates between indi-
vidual parameter optimization using linear grid search. Specifically,
we cycle through all active parameters in each epoch and update
each parameter while holding others constant. We use a search
step of 1 for integer parameters and 0.01 for normalized continuous
parameters within their default parameter ranges. Unlike Neural
Proxies, which generalizes poorly beyond training data, our method
allows the user to reconfigure the search ranges arbitrarily. The
gradient-free optimization is guided by a weighted loss function

𝝓 (2) , 𝜽 (2)𝑔 , 𝜽
(2)
𝑔 , 𝒆 (2) ← argmin

𝝓,𝜽𝑔,𝜽𝑔,𝒆

∥ T (I(𝜽 , 𝝓, 𝒆)) − T (𝐼 )∥

+𝑤F ∥ F (I(𝜽 , 𝝓, 𝒆)) − F (𝐼 )∥
(5)

where F is the 2D Fast Fourier Transform (FFT) operator, and𝑤F
is the corresponding weight. The FFT loss is sensitive to structural
changes and helps identify desired values for integer parameters.
The optimization typically converges within five epochs.

Stage 3: Gradient-based fine-tuning. With a closer estimation for
integer parameters from the second stage, we revert to gradient-
based optimization (using the same formula as Eq. (4)) to fine-
tune the differentiable continuous parameters. We optionally repeat
stages 2 and 3 to improve the result further, but in most cases, the
process converges in no more than two repetitions.

3.4 Exposed Parameter Translation
Procedural materials are not always created with labeled subgraphs
and exposed high-level parameters. These graphs are challenging
to reuse because artists have to deduce the purpose of low-level
nodes and manually modify their parameters. However, many other
graphs within the same material category may have well-defined
exposed parameters. We present a straightforward yet effective
method for distilling and translating continuous exposed parameters
from a reference graph to a target graph. Our method stems from a
fundamental insight—the semantics of an exposed parameter are
characterized by its impact on material appearance. Therefore, an
exposed parameter 𝑒𝑟 in a reference graph 𝐺𝑟 should induce the
same perceptual change in the output texture after being migrated

to a target graph 𝐺𝑡 ≠ 𝐺𝑟 . This premise enables us to pinpoint the
node parameters in𝐺𝑡 that correlate the most with 𝑒𝑟 by matching
texture descriptor changes.
Let 𝜽𝑟 (𝑒𝑟 ) denote the vector of continuous node parameters in

the reference graph controlled by 𝑒𝑟 . We first grid-sample 𝑒𝑟 in 𝐺𝑟

to compute a set of Gatys texture descriptors (the texture render-
ing function is denoted by I𝐺𝑟

(·)). Assuming that all continuous
parameters have a normalized domain [0, 1], we use a step size of
𝛿 = 1/𝑁 and compute the 𝑖-th texture descriptor T (𝑖 )

𝐺𝑟
using

T (𝑖 )
𝐺𝑟

= T
(
I𝐺𝑟
(𝜽𝑟 (𝑒𝑟 = 𝑖𝛿))

)
(𝑖 = 0, 1, . . . , 𝑁 ) (6)

The appearance change in the reference graph from 𝑒𝑟 = 0 to 𝑒𝑟 = 𝑖𝛿

is then derived by

ΔT (𝑖 )
𝐺𝑟

= T (𝑖 )
𝐺𝑟
− T (0)

𝐺𝑟
(7)

Ourmethod transfers these texture descriptor changes to𝐺𝑡 through
node parameter optimization. Here, we reuse the notations above
to define 𝜽𝑡 and I𝐺𝑡

(·) for𝐺𝑡 . Additionally, 𝜽 ∗𝑡 denotes𝐺𝑡 ’s default
parameter values. The following problems are solved to match the
impact of 𝑒𝑟 in 𝐺𝑟 at each sampled value (𝑖 = 0, 1, . . . , 𝑁 ):

𝜽𝑡
(𝑖 )

= argmin
𝜽𝑡

(


T (I𝐺𝑡
(𝜽𝑡 )) − T (I𝐺𝑡

(𝜽 ∗𝑡 )) − 𝑠ΔT
(𝑖 )

𝐺𝑟




 + L (𝑖 )reg

)
(8)

where 𝑠 is a hyperparameter amplifying (or attenuating) the trans-
ferred texture descriptor difference. L (𝑖 )reg is a regularization term

that compares 𝜽𝑡 against the previous best solution 𝜽𝑡
(𝑖−1) to en-

courage a smooth transition in material appearance

L (𝑖 )reg (𝜽𝑡 ) = 0 (𝑖 = 0)

L (𝑖 )reg (𝜽𝑡 ) = 𝜆



I𝐺𝑡
(𝜽𝑡 ) − I𝐺𝑡

(
𝜽𝑡
(𝑖−1) )




+ 𝜂



T (I𝐺𝑡

(𝜽𝑡 )) − T
(
I𝐺𝑡

(
𝜽𝑡
(𝑖−1) ))


 (𝑖 > 0)

(9)

where 𝜆 and 𝜂 are the weights for texture image and texture descrip-
tor losses, respectively.
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Fig. 5. Comparison of noise generator outputs by Diffmat v2 and S3D
(ground truth). We analyze the statistics of noise usage in the Adobe Sub-
stance 3DAssets Library and visualize four representative noises as examples.
Owing to the utilization of a non-public pseudo-random number generator
in S3D, our reproduction is statistically indistinguishable from the ground
truth, though not pixel-perfect.

Finally, we select the top 𝐾 node parameters in 𝐺𝑡 based on the
magnitude of texture descriptor difference (between 𝜽𝑡

(𝑁 ) and 𝜽 ∗𝑡 )
contributed by each node parameter. This step discerns the essen-
tial node parameters underlying the transferred exposed parameter
𝑒𝑡 . For each selected parameter 𝑘 , we extract its optimized value
sequence from 𝜽𝑡

(𝑖 ) (𝑖 = 0, 1, . . . , 𝑁 ) and fit an𝑀-th degree polyno-
mial function P𝑘 (𝑒𝑡 ) =

∑𝑀
𝑚=0 𝛽𝑘,𝑚𝑒

𝑚
𝑡 from 𝑒𝑡 using least squares,

where 𝜷𝑘 = {𝛽𝑘,0, . . . , 𝛽𝑘,𝑀 } is the set of polynomial coefficients
for the 𝑘-th selected parameter. These polynomial functions can be
easily constructed using S3D’s function graphs.

4 RESULTS

4.1 Validation and Benchmarking of Diffmat v2
We validate the reproduction quality of Diffmat v2’s new modalities
by comparing them side-by-side with S3D results. Fig. 4 compares
the output of custom FX-Map and Pixel Processor instances and
other pattern generator nodes; Fig. 5 compares a set of frequently
used noise generators. Diffmat v2matches the ground truth precisely
in nodes that do not implement randomness or whose randomness
is disabled by node parameters. The reproductions of nodes with
internal randomness are statistically identical to the ground truth
but not pixel-perfect since S3D uses non-public pseudo-random
number generators.
We use Diffmat v2 to translate artist-created production-grade

procedural materials across various categories without using S3D’s
proprietary automation tools. Fig. 1 (right) displays a selection of 16
examples (see Fig. 10 for the full collection). Most of them contain
highly structured or complex stochastic geometries enabled by Diff-
mat v2’s functional additions. The removal of external dependency
saves a substantial amount of disk storage since input noises and
patterns are generated on the fly rather than pre-cached into images.
Furthermore, fast forward and backward evaluations are nec-

essary for interactive editing and rapid inverse capture. Through
extensive performance engineering (see Appendix Sec. B), we ulti-
mately achieve runtimes comparable to S3D for every supported

generator node in Diffmat v2 (see Table 1 for a comparison using
selected generator nodes). Forward and backward evaluation speeds
at the graph level are reported in Appendix Table 2.

4.2 Material Capture from Synthetic and Real Images
We demonstrate the effectiveness and superiority of our method by
comparing it with state-of-the-art solutions on both synthetic and
real-world targets.

Comparison with MATch [2020]. To ensure a fair comparison, we
preprocess material graphs that cannot be fully translated by Diff-
mat using the following steps: 1) we replace unsupported generator
nodes with pre-cached bitmaps using S3D; 2) we also pre-cache
unsupported filter nodes (including FX-Map s and Pixel Processor s)
and freeze their predecessor subgraphs during optimization. The
results are shown in Fig. 1 (middle) and Fig. 6. In Fig. 1 (middle),
the top three results demonstrate our ability to jointly optimize
continuous and discrete parameters. Although the initial integer pa-
rameters result in mismatched texture scaling, our method manages
to recover the correct scales. The last example contains a binary
switch that controls a cookie material’s “bites” feature. When re-
targeting the material at a rusty metal image, MATch can only
lighten the bitten area using filter nodes since the hole is encoded
in a pre-cached bitmap. Instead, our method directly turns off the
“bites” switch during integer parameter optimization, yielding a
solid rusty metal texture. A similar example is the removal of a
forest ground material’s “skull” feature at Fig. 6 Row 3 Column 3
(abbreviated as R3C3 hereafter). Additional examples of scale cor-
rection via integer parameter optimization can be found in Fig. 6
R5/R6/R7C1/R8C2. Fig. 6 R1 shows that our approach is able to
match two distinct fabric photos with the same source material.
MATch merely adjusts the color and slightly tweaks the yarn sub-
strate and embroidery threads. In contrast, our method completely
alters the fabric geometry by 1) R1C1: changing the substrate yarns
into reflective brown-green wool swirls and completely removing
the horizontal threads; 2) R1C2: transforming sector-shaped thread
patterns into square shapes and tinting them with blue and gold
colors. Meanwhile, our method flattens the rounded-shaped wood
plank at R2C1 to resemble the target, and reconstructs the normal
map of the porous rocks at R2C2 more accurately. Other relevant
cases include R4C2 (the intricate microfiber detail of the carpet)
and R8C1 (removed scattered small dents on the crystal surface).
Besides geometries, our method also more closely aligns with the
target image in other material properties, such as roughness (see
Fig. 6 R3C1/R6C2/R7C2). In summary, our method’s improvements
are thoroughly assessed among a wide range of material categories,
including fabric, leather, concrete, ground, wood, stone, porcelain,
plastic, as well as organic and translucent materials.

Comparison with Neural Proxies [2022a]. Our method captures
the target more faithfully without being restricted to a predeter-
mined resolution or parameter range (see Fig. 1 (left) and Fig. 7).
Before delving into the comparison, it is important to note that most
material graphs used in the MATch comparison contain over ten
generator nodes not provided by Hu et al. [2022a]. Consequently,
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Initial TargetShi et al. [2020] Ours Initial TargetShi et al. [2020] Ours

Fig. 6. Additional comparisons with MATch [Shi et al. 2020]. For each example, we optionally display the optimized normal map at the bottom left or provide a
zoomed-in view of a specific region of interest. Please refer to Sec. 4.2 Paragraph 1 for a detailed discussion.
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Table 1. Runtime comparison of generator nodes in Diffmat v2 and S3D at different texture resolutions. Our benchmark includes forward and backward
evaluation times for several frequently used generator nodes, excluding backward evaluations for nodes that do not require gradient backpropagation (i.e.,
those defined without differentiable continuous parameters). In all cases, Diffmat v2 demonstrates comparable or even faster runtimes than S3D, enabling
seamless integration into commercial-grade software without sacrificing performance. For the Make It Tile Patch node, Diffmat v2’s FX-Map supersedes
Diffmat’s hard-coded implementation, resulting in a 300× speedup. Due to the substantial computational cost associated with the StyleGAN2 (> 25M
parameters) network, a neural proxy takes 11 ms to evaluate at a 256×256 resolution, with the runtime scaling linearly (i.e., 44 ms at 512×512). In contrast,
Diffmat v2 has a fixed kernel launch cost from PyTorch and Taichi, with the runtime scaling sub-linearly.

Node Name Requires 256×256 512×512 1024×1024
Gradient Diffmat v2 (F/B) S3D Diffmat v2 (F/B) S3D Diffmat v2 (F/B) S3D

Make It Tile Patch Y 8 ms / 5 ms 11 ms 10 ms / 6 ms 13 ms 22 ms / 19 ms 13 ms
Tile Generator Y 8 ms / 6 ms 2 ms 8 ms / 9 ms 2 ms 16 ms / 16 ms 4 ms
Brick Generator Y 5 ms / 4 ms 16 ms 5 ms / 4 ms 16 ms 6 ms / 5 ms 18 ms
Stripes Y 3 ms / 1 ms 6 ms 3 ms / 2 ms 6 ms 4 ms / 5 ms 7 ms
Arc Pavement Y 6 ms / 3 ms 2 ms 6 ms / 4 ms 2 ms 8 ms / 5 ms 2 ms
Splatter Y 7 ms / 4 ms 6 ms 7 ms / 4 ms 6 ms 12 ms / 8 ms 5 ms
Perlin Noise N 5 ms / – 8 ms 6 ms / – 9 ms 7 ms / – 13 ms
Crystal 2 N 6 ms / – 3 ms 6 ms / – 5 ms 8 ms / – 15 ms
Clouds 2 N 11 ms / – 16 ms 13 ms / – 16 ms 15 ms / – 20 ms
BnW Spots 3 N 15 ms / – 24 ms 17 ms / – 25 ms 20 ms / – 26 ms

TargetHu et al.[2022] OursInitial TargetHu et al.[2022] OursInitial

Fig. 7. Additional comparisons with Neural Proxies [Hu et al. 2022a]. The optimized normal maps are visualized at the bottom left for some examples. Sec. 4.2
Paragraph 2 provides a detailed discussion.

their approach is currently inapplicable to these examples. Further-
more, testing these examples poses out-of-memory risks, as each
neural proxy already occupies ∼1500MB GPU memory during for-
ward evaluation at a 256 × 256 resolution. As such, we reuse the
original graphs and results in Hu et al.[2022a] as a baseline. In
Fig. 1 (left) R1, the target brick wall has a greater number of rows
and columns than the training data of the brick generator network.
Neural Proxies thus fails to converge to the correct numbers. Our
analytical brick generator node implementation accommodates ar-
bitrary parameter combinations, allowing the grid search to find a
satisfactory match in a mere two epochs. Neural Proxies is also sus-
ceptible to local minima as the deep neural network approximation

creates a complicated loss landscape. The reproduction quality is
often compromised when the initial guess is visually distant from
the target (Fig. 1 (left) R2 and R3). Our method, on the contrary,
conducts gradient-free optimization to escape such local minima
and find better solutions. Additionally, the approximative nature
of Neural Proxies introduces further errors when exporting opti-
mized parameters back to S3D. These errors typically materialize as
structural artifacts (e.g., incorrect fluctuations in the normal at Fig. 1
(left) R4 bottom left) or inconsistent SVBRDF maps (e.g., misaligned
normal and albedo maps at Fig. 7 R3C2). Of equal importance, op-
timizing procedural materials at a high image resolution is often
required to capture fine details in the target photo. Nevertheless,
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Fig. 8. Results of exposed parameter transfer between material graphs.
The labeled arrow between each image pair indicates the name of the
exposed parameter. We direct readers to the Supplementary Videos for
transition animations when varying exposed parameters from 0 to 1. A
detailed analysis of the results can be found in Sec. 4.3.

Neural Proxies can only operate in predetermined resolutions once
trained. Diffmat v2’s resolution-agnostic implementation ensures
the accurate reproduction of the finest details (as illustrated by the
dirt details at Fig. 7 R2C2). Throughout the comparison experiment,
we observed that the limitations of Hu et al. [2022a] frequently result
in suboptimal solutions (e.g., incorrect integer parameters in Fig. 7
R1C2/R2C1/R3C1), while our method exhibits superior robustness.

4.3 Exposed Parameter Translation
Fig. 8 illustrates the translation of various exposed parameters from
a reference material graph to a target material graph. These exposed
parameters alter details in albedo (R1), normal (R2), color tone (R3),
and material structure (R4). We note that the example in R4 is feasi-
ble entirely due to Diffmat v2’s differentiable generator nodes, which
modify the geometry of the steel material. Our pixel-matching im-
plementation effectively transfers these geometric changes to the
target graph. The Supplementary Videos provide a visualization of
material transitions in the reference and target materials under the
control of exposed parameters.

4.4 Failure Cases
Fig. 9 showcases two instances where Diffmat v2 fails to match pro-
cedural materials against synthetic or real photographs successfully.
In the first example, we attempt to optimize a complex, overparam-
eterized mixed weave material whose node graph contains a large
number of integer parameters. Our method is unaware that many
integer parameters are implicitly correlated to preserve the weave

Default Optimized Target Basecolor/Metallic
Normal/Roughness

Fig. 9. Demonstration of failure cases when optimizing procedural materials
against real-world (top) and synthetic (bottom) images.

structure. This material graph does not define any exposed param-
eter as explicit constraints, so it is incorrect to assume that their
effects are orthogonal and optimize each parameter independently.
As a result, our coordinate descent method gets trapped in local
minima and disrupts the weave structure. A workaround for similar
overparameterized cases is to define exposed parameters that specify
underlying constraints, thereby reducing the search space. However,
this requires an artist’s effort as Diffmat v2 can only automatically
transfer continuous exposed parameters from similar graphs. The
second failure case, also reported by Hu et al. [2022a], involves the
Gatys texture descriptor only capturing global image features and
overlooking subtle details (i.e., wood knots). To address this issue,
the image feature extraction network could be enhanced to focus
more on modeling textures than generic images. Alternatively, our
method could be extended to capture material appearances from
multiple angles and distances, providing stronger supervision of
surface properties.

Like previous work in differentiable procedural material capture,
our method does not infer the procedural material graph struc-
ture from the input image. Optimization will fail if the prespecified
graph lacks crucial elements of the target appearance. Guerrero et
al. [2022] tried to overcome this limitation by synthesizing novel
graph structures using a deep generative model. However, it remains
a challenge to accurately reconstruct production-grade procedural
material graphs from target photos while ensuring that the output
graph is easily comprehensible to artists.

5 CONCLUSION
We present an end-to-end pipeline for inverse procedure material
capture based on Diffmat v2, a significantly enhanced computational
infrastructure derived from the original Diffmat. Diffmat v2 fully
translates and optimizes a vast array of artist-created, production-
grade material graphs, which was previously infeasible due to the
lack of differentiable noise and pattern generators. Our approach
alternates between gradient-based and gradient-free optimization
techniques to capture continuous and discrete parameters, resulting
in higher-fidelity appearance reproductions than prior work. In
addition, we introduce a novel method for example-based exposed
parameter transfer, which simplifies the post-editing of materials
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without high-level meta-parameters. This allows for easy reuse
and retargeting of materials. Although our work does not directly
address graph structure synthesis, we provide advanced tools to
alleviate the burden on artists by automating low-level parameter
tuning and high-level parameter translation.
The applicability of Diffmat v2 can be further expanded with

some minor improvements. Firstly, it is currently unable to parse
procedural graphs with hierarchical dependencies. To create intri-
cate procedural materials, artists typically package subgraphs into
custom nodes and incorporate them into the main material graph.
Our parser, however, is unable to process such subgraphs, requiring
users to manually extract and position them in the main graph for
end-to-end translation. Secondly, Diffmat v2 does not support non-
square resolutions. Artists frequently create non-square textures
to accommodate specific object shapes or reduce computational
expenses for intermediate maps (e.g., when producing 1D gradient
maps). Although Diffmat v2 automatically extends the canvas to
a square in these scenarios, supporting non-square textures will
improve optimization efficiency, especially at very high resolutions.
Thirdly, Diffmat v2 does not support SVG or Text nodes, as they are
less commonly used in natural materials. Moving forward, we plan
to provide regular updates and maintain active technical support
for Diffmat v2 to refine its features and encourage its use in various
downstream tasks. Finally, it will be beneficial to develop a versatile
procedural material capture method for non-flat surfaces under ran-
dom global illumination conditions. The wealth of recent research
on differentiable rendering theory and software will potentially
facilitate the development of such a system [Bangaru et al. 2020;
Kato et al. 2020; Li et al. 2018a; Loubet et al. 2019; Nimier-David
et al. 2019; Zhang et al. 2020; Zhao et al. 2020].
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A A REVIEW OF NON-PROCEDURAL INVERSE
APPEARANCE CAPTURE

A large body of works for inverse appearance (SVBRDF) modeling
uses non-procedural material representations. We summarize them
based on the capture and reconstruction method.

Appearance Capture with Specialized Hardware. Physically accu-
rate SVBRDF capture requires dense spatial and angular sampling to
disambiguate material parameters. Achieving adequate sampling at
large scales often necessitates a specialized captured environment
that includes multiple lights and cameras. Many prior works have de-
vised custom capture setups, including the use of a robot arm [Dana
et al. 1999], matrix light pattern (LCD, DLP projector) [Aittala et al.
2013], spherical gantry [Holroyd et al. 2010; Lawrence et al. 2006; Yu
et al. 2016], light dome [Ghosh et al. 2010, 2008; Nam et al. 2016], light
cube [Kang et al. 2019], spherical harmonic illumination [Ghosh
et al. 2009; Tunwattanapong et al. 2013], LED array [Asselin et al.
2020; Goldman et al. 2010; Wang et al. 2008], or moving linear light
source [Gardner et al. 2003; Ren et al. 2011]. While these methods
generally exhibit satisfactory reconstruction accuracy, the entailed
hardware costs, human labor in environment setup, operation com-
plexity, and acquisition time can be prohibitive for amateur users
and casual purposes.

Prior-based Mobile Appearance Capture. The rapid advancement
in cell phone imaging has ushered in a new era of mobile appear-
ance capture solely based on casually captured flash photographs.
Aittala et al. [2015] first demonstrated such a system using a pair of
flash/no-flash photographs, while a contemporary work by Riviere
et al. [2016] used a flash video captured over a hemisphere. However,
the scarcity of captured views and lighting variations in these meth-
ods demands domain-specific priors to constrain the results within
a plausible solution space. These priors may require the results to
be a linear combination of certain basis materials [Hui et al. 2017;
Nam et al. 2018; Ren et al. 2011; Wu et al. 2016; Xu et al. 2016; Zhou
et al. 2016], exhibit self-similarity (containing stationary spatial
structures) [Aittala et al. 2015], be illuminated under sparse inci-
dent lighting [Dong et al. 2014], or exist within a low-dimensional
manifold [Dong et al. 2010]. Unfortunately, these assumptions do
not always hold true for various material families, which often com-
promises the complexity and fidelity of the reconstructed SVBRDFs.

Learning-based Mobile Appearance Capture. The revolutionary
knowledge distillation and generalization capabilities of convolu-
tional neural networks (CNNs) make them an attractive alternative
to hand-crafted priors. Li et al. [2017] trained a CNN-based SVBRDF
predictor utilizing a small labeled dataset of measured SVBRDFs
with self-augmentation. Ye et al. [2018] extended this method to
enable training with unlabelled data. Later on, the introduction of
differentiable rendering layers and large-scale synthetic SVBRDF
datasets allowed for per-pixel albedo, normal, and roughness pre-
dictions [Deschaintre et al. 2018, 2019; Li et al. 2018b], as well as
the joint recovery of 3D shape [Li et al. 2018c]. Alternatively, CNNs
were trained to generate a low-dimensional latent space as a neural
prior, enabling the optimization of more plausible SVBRDFs [Gao
et al. 2019; Guo et al. 2020; Henzler et al. 2021]. Zhou et al. [2021]

employed adversarial training to enhance the realism of the recon-
structed SVBRDFs. Guo et al. [2021] introduced highlight-aware
convolution to handle saturated specular highlights.

B IMPLEMENTATION OF FX-MAP
The FX-Map graph system in Diffmat v2 follows the construc-
tion procedure in S3D, conducting a top-down depth-first traversal
of the FX-Map graph under the control of Quadrant, Iterate, and
Switch nodes. This process enumerates atomic patterns generated
from Quadrant nodes and sequentially applies them to a background
canvas under user-specified transformations and blending options.
Unlike S3D, Diffmat v2 does not have access to commercially

available, high-performance pixel shaders. As such, the implemen-
tation strategy must carefully balance versatility and performance,
prioritizing performance optimization while ensuring differentiabil-
ity. Unfortunately, the computational cost of FX-Map nodes scales
exponentially with the quadtree depth. In particular, commonly-
used multi-frequency noise generator nodes can comprise nine or
ten densely-chained quadrant nodes, totaling over a million atomic
patterns. Generating and rendering these many atomic patterns
sequentially is consequently impractical.
Our implementation classifies FX-Map nodes into generic and

specialized nodes. Generic nodes are custom, user-defined FX-Maps
that potentially enact any supported behavior. There is little room
for parallel optimization since these nodes may specify a compli-
cated random process that only allows for sequential execution,
especially if Set/Sequence nodes are extensively used to introduce
data dependency. Thus, we follow the two-phase sequential ap-
proach introduced in Sec. 3.1. In the pattern generation phase, the
FX-Map graph is traversed depth-first with a manual stack to track
the state of each node, e.g., how many child nodes have been visited.
Pushing a node into the stack represents recursion to the next oc-
tave. Popping the top node from the stack is equivalent to returning
to the octave above. We also update the cumulative branch offset (a
displacement effective to all atomic patterns in the subtree) and a
variable dictionary containing all named variables accessible via Get
function nodes (for referencing external parameters) in the process.
Each Quadrant node submits a pattern generation job to a global
rendering job queue, where the atomic patterns are sorted by types
and timestamps. In the rendering phase, we invoke the FX-Map ren-
derer to batch individual pattern generation jobs into a job array.
The renderer transforms these patterns in parallel and draws them
onto respective regions of the canvas.
In contrast, most predefined noise/pattern generator nodes in

S3D comprise specialized FX-Map nodes, such as Tile Generator,
Splatter, and Make It Tile Patch nodes. We devise corresponding
acceleration strategies from their prescribed implementations to
maximize data parallelism. For example, the Make It Tile Patch node
(abbreviated as MITP) makes an arbitrary input image tileable by
stamping it around repetitively on an FX-Map canvas with determin-
istic or stochastic transformations. While a MITP node can generate
thousands of atomic patterns, it only renders a single FX-Map octave,
with several node parameters controlling randomness in pattern
transformations. As there is no dependency among consecutive pat-
terns, we compute all atomic patterns in parallel rather than using
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Table 2. Optimization runtimes of production-grade material graphs. We show the time consumption per forward and backward iteration at various image
resolutions. As a reference, Diffmat takes 1,659 ms to run forward evaluation of the Office Carpet material (the last row in the table) at a 512×512 resolution,
and 1,853 ms for backward evaluation. These runtimes are 17× slower than Diffmat v2.

Graph Name (Position) 256×256 512×512 1024×1024
Forward Backward Forward Backward Forward Backward

Brick Wall (Fig. 1, Row 1 Col 1) 105 ms 51 ms 108 ms 54 ms 117 ms 89 ms
Concrete Tiles (Fig. 1, Row 2 Col 1) 21 ms 13 ms 18 ms 20 ms 24 ms 60 ms
Aluminium Cut (Fig. 1, Row 3 Col 1) 28 ms 16 ms 28 ms 25 ms 41 ms 50 ms
Metal Grill (Fig. 1, Row 4 Col 1) 22 ms 14 ms 20 ms 25 ms 40 ms 168 ms
Amethyst (Fig. 1, Row 1 Col 2) 52 ms 40 ms 60 ms 52 ms 102 ms 129 ms
Marble (Fig. 1, Row 3 Col 2) 44 ms 15 ms 46 ms 18 ms 53 ms 68 ms
Bitten Cookie (Fig. 1, Row 4 Col 2) 150 ms 84 ms 150 ms 87 ms 188 ms 214 ms
Weave and Knit (Fig. 6, Row 1 Col 1) 160 ms 114 ms 199 ms 144 ms 412 ms 609 ms
Nature Ground (Fig. 6, Row 3 Col 2) 264 ms 186 ms 299 ms 235 ms 479 ms 758 ms
Office Carpet (Fig. 6, Row 4 Col 2) 68 ms 51 ms 95 ms 106 ms 227 ms 434 ms

Fig. 10. A gallery of 50 differentiable procedural materials end-to-end translated from artist-authored material graphs in Adobe Substance 3D Designer using
Diffmat v2. Most materials exhibit regular structures (e.g., bricks, tiles, waves, and polygons) or complex, stochastic patterns (e.g., foliage, flower, and irregular
geometries). All images are rendered using SVBRDF texture maps generated by Diffmat v2 at a 1024×1024 resolution.

the job queue mechanism for generic FX-Maps. This eliminates the
performance bottleneck of traversing the FX-Map quadtree. Our en-
gineered implementation using PyTorch and Taichi [Hu et al. 2019b]
achieves a 300× speedup over Diffmat. This significant improve-
ment accelerates material graph optimization considerably. The
Office Carpet material, for instance, primarily uses MITP to render
dense, carpet-like patterns. As shown in Appendix Table 2, Diffmat
v2 runs 17× faster than Diffmat in each forward and backward
evaluation of the material graph. Additionally, many computation-
heavy stochastic noise generators in S3D, like BnW Spots 3 and
Clouds 2, only define an integer “scale” parameter and a continuous

“disorder” parameter that functions like a random seed. Since nei-
ther parameter is optimizable by gradient descent, these nodes do
not require differentiable implementations. Diffmat v2 implements
non-differentiable versions of these specialized FX-Map nodes us-
ing Taichi, leading to comparable or superior performance to S3D
(Table 1).

C IMPLEMENTATION OF PIXEL PROCESSOR
As briefed in Sec. 3.2, Diffmat v2 implements full-fledged Pixel
Processor nodes by compiling function graph representations in
S3D into PyTorch programs. Specifically, the compiler automatically
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translates each function node into a standard Python operation or a
PyTorch routine using statically inferred operand data types (Fig. 3).
If a function node has mismatched input data types (e.g., a tensor
and a scalar/vector), the compiler performs explicit type casting
so that the operands are compatible with the translated operation.
Therefore, our function graph parser can translate Value Processors
and Pixel Processors in a unified framework.

Besides the added functionality of per-pixel function translation,
Diffmat v2 also introduces support for image sampling nodes and
Set/Sequence nodes in function graphs. Sampling nodes are an essen-
tial part of Pixel Processor since they allow access to input images,
without which Pixel Processor nodes can only be used as a per-
pixel value generator and loses filtering capabilities. Furthermore,
Set/Sequence nodes are frequently used to export variables between
function graphs, similar to Python global variables. They are indis-
pensable in FX-Map nodes for implementing sequential control like
finite-state machines. Consequently, various structured patterns can
be generated with a simple Iterate node, such as tiles, weaves, and
circular splatters.
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