Learning a Max-Entropy Diffusion Model for Visual Textures

Xinyuan Zhao
New York University
xz2556@nyu.edu

Abstract

Visual textures, defined as spatially homogeneous im-
age regions containing repeated elements (e.g. a field of
grass or the bark of a tree), are prevalent in visual scenes
and provide important cues for recognizing materials and
objects. Existing texture models extract essential fea-
tures from a single texture image, and can then generate
high-quality samples that are visually similar to the orig-
inal. However, their features are either hand-designed
or based on a network pretrained for another purpose
(e.g., object recognition). We develop a novel principled
method for unsupervised learning of a set of statistics that
are used to constrain a maximum entropy density model
for the texture. We use training and sampling procedures
derived from generative diffusion models. Our trained
model is more compact (512 features), but generates tex-
ture images whose quality is as good as, and often better
than, previous methods. We also demonstrate qualita-
tive convexity of the representation space by generating
samples that interpolate between two given textures.

Visual texture representation and synthesis methods
have been extensively studied. Most existing texture
models follow Julesz's seminal conjecture (Julesz,
1962): the appearance of a texture is determined by
a set of local statistics that are measured by the human
visual system. Two textures with the same statistics will
have the same (or similar) appearance. These models
(e.g., Gatys et al., 2015; Portilla and Simoncelli, 2000;
Zhu et al., 1998) demonstrate their success by syn-
thesizing images with statistics matching those of an
original image, and showing that these are similar in ap-
pearance to the original. However, the statistics that they
use are either hand-designed or based on a pretrained
object-recognition network. Here, we develop a method
for learning a relevant set of statistics, unsupervised,
from a dataset of texture image, and sampling from the
maximum-entropy density subject to these statistics. A
detailed description of this work is available on arXiv.

Model

We aim to learn a parametric family of probability densi-
ties over x € R” (an n pixel image), where each density
corresponds to a texture class, and individual texture im-
ages are samples. We assume a maximum entropy for-
mulation (Jaynes, 1957), in which the density is defined
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by the following optimization, parameterized by 1 € RY:

mpax Ep[—log p(x)] s.t. E[f(x)] = n (1)

where f : R" — RY computes a set of d statistics to be
learned from a dataset. The solution is:

pa(x) = ﬁ exp [-ATf()] @)

where Z()) is a normalizing factor and A € R is chosen
to satisfy the constraint E,, [f(x)] = . The vectors A and
u, both in R9, are uniquely determined by each other,
and serve as a parameterization that controls which tex-
ture class the density represents.

Direct optimization of f and A via maximum likelihood
is intractable since Z()\) is an integral over the entire data
space. Instead, we propose to learn f indirectly via de-
noising. Consider a noise-contaminated texture image
¥y = x + oe, where ¢ is a sample of zero-mean identity-
covariance Gaussian noise. A denoising function £(y)
trained to minimize the mean squared error in predict-
ing e will learn to compute (or approximate) the posterior
mean, E(e|y), which is proportional to the score (gradi-
ent of the log probability) of y (Miyasawa, 1961):

E(ely) = —oVylog p(y) 3)

We further assume that noisy y follows the distribution
given by (2), with a different A\ from the clean x. Then
V,logp(y) = —V,[A\Tf(y)]. Note that Z()\) disappears.
We choose a log-normal distribution for o, parameterize
neural networks fy(y) and A\4(x, o) and optimize:

l’?’id)n Exoe || VylAo(X, o) fo(y)] — EHZ )

The multiplication by ¢ is absorbed into Ay (x, o). For net-
work architecture, we base f(y) on UNet (Ronneberger
etal.,, 2015) and A\,(x, o) on ConvNeXt (Liu et al., 2022)
with FiLM modulation (Perez et al., 2018). We set the
number of statistics to d = 512.

This is a denoiser (or equivalently, e-predictor) that op-
erates at all noise levels o, which provides a substrate
for a generative diffusion model, the state-of-the-art im-
age synthesis method (Ho et al., 2020; Ramesh et al.,
2022; Rombach et al., 2022). Architecturally, we rely on
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Figure 1: Texture resampling and interpolation. (a) Texture images that are not in the training set. (b,c) Resampling.
(d,e) Interpolation. Panels (b,d) use statistics matching, and panels (c,e) use diffusion sampling.

two networks whose inputs are the same image up to ad-
ditive noise, similar to some previous methods that use
a diffusion model for unsupervised representation learn-
ing (Hudson et al., 2024; Mittal et al., 2023; Preechakul
et al., 2022; Wang et al., 2023; Yang & Mandt, 2023).

For training, we generated a texture dataset by select-
ing one million 128x128 images patches from the Im-
ageNet21K natural image dataset (Deng et al., 2009),
using a hand-designed homogeneity criterion.

Results

We trained with random crops from our dataset for 5
epochs. We then use two methods for generating new
texture images (“resampling”) based on test image Xxp:

« Statistics matching, solve min, ||f(x) — f(xo)||? (as in
Gatys et al. (2015) and Portilla and Simoncelli (2000)).

+ Diffusion sampling, use A = \(xp, o) for each time
step o (Ho et al., 2020).

For high dimensional x such as images, the value of f(x)

concentrates around its mean p (equivalence of ensem-
bles), so the two methods should lead to similar results.

Additionally, we can empirically examine the convexity
of these spaces by generating textures whose parame-
ters lie between those of two existing textures x; and xj.
This interpolation can be performed either i or A space:

= N0+ ),
And similarly for A. Then we use statistics matching and
diffusion sampling to generate images from interpolated
i and \;, respectively. Results are shown in Figure 1.
We find that statistics matching has better resampling
quality than diffusion matching, but the latter generates
smoother interpolation. Subjective evaluation suggests
our resampled textures are as good as, or better than,
previous methods, while using a significantly smaller
number of statistics (512 v.s. 176,640 in Gatys et al.
(2015)). To evaluate quality and diversity, we compute
the FID score (Heusel et al., 2017) on 9 test textures (Ta-
ble 1). Except for one, the best-performing model is ours
with either statistics matching or diffusion sampling.

i=0,---,N (5)

Table 1: FID scores. From top to bottom: statistics matching for Gatys et al. (2015) model, statistics matching for

our model, diffusion sampling for our model.

Grass Pebble Star Cloth Rug Flower Marble Rubber Gilitter
Gatys 175.03 169.35 209.10 126.79 273.30 74.03 135.17 135.52 96.19
Stat. 102.58 214.77 68.19 41.70 10596 80.49 137.79 136.71 20.82
Diff. 221.30 19294 48.78 66.25 5549 67.14 46.68 47.24  36.82
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