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Abstract

Here we introduce a new model of natural textures based on the feature spaces
of convolutional neural networks optimised for object recognition. Samples from
the model are of high perceptual quality demonstrating the generative power of
neural networks trained in a purely discriminative fashion. Within the model, tex-
tures are represented by the correlations between feature maps in several layers of
the network. We show that across layers the texture representations increasingly
capture the statistical properties of natural images while making object informa-
tion more and more explicit. The model provides a new tool to generate stimuli
for neuroscience and might offer insights into the deep representations learned by
convolutional neural networks.

1 Introduction

The goal of visual texture synthesis is to infer a generating process from an example texture, which
then allows to produce arbitrarily many new samples of that texture. The evaluation criterion for the
quality of the synthesised texture is usually human inspection and textures are successfully synthe-
sised if a human observer cannot tell the original texture from a synthesised one.

In general, there are two main approaches to find a texture generating process. The first approach is
to generate a new texture by resampling either pixels [} 28] or whole patches [6, |16]] of the original
texture. These non-parametric resampling techniques and their numerous extensions and improve-
ments (see [27] for review) are capable of producing high quality natural textures very efficiently.
However, they do not define an actual model for natural textures but rather give a mechanistic pro-
cedure for how one can randomise a source texture without changing its perceptual properties.

In contrast, the second approach to texture synthesis is to explicitly define a parametric texture
model. The model usually consists of a set of statistical measurements that are taken over the
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Figure 1: Synthesis method. Texture analysis (left). The original texture is passed through the CNN
and the Gram matrices (G; on the feature responses of a number of layers are computed. Texture

synthesis (right). A white noise image Z is passed through the CNN and a loss function Ej is
computed on every layer included in the texture model. The total loss function £ is a weighted sum
of the contributions F; from each layer. Using gradient descent on the total loss with respect to the

pixel values, a new image is found that produces the same Gram matrices G as the original texture.

spatial extent of the image. In the model a texture is uniquely defined by the outcome of those
measurements and every image that produces the same outcome should be perceived as the same
texture. Therefore new samples of a texture can be generated by finding an image that produces the
same measurement outcomes as the original texture. Conceptually this idea was first proposed by
Julesz [13] who conjectured that a visual texture can be uniquely described by the Nth-order joint
histograms of its pixels. Later on, texture models were inspired by the linear response properties
of the mammalian early visual system, which resemble those of oriented band-pass (Gabor) filters
[10, 21]]. These texture models are based on statistical measurements taken on the filter responses
rather than directly on the image pixels. So far the best parametric model for texture synthesis
is probably that proposed by Portilla and Simoncelli [21], which is based on a set of carefully
handcrafted summary statistics computed on the responses of a linear filter bank called Steerable
Pyramid [24]. However, although their model shows very good performance in synthesising a wide
range of textures, it still fails to capture the full scope of natural textures.

In this work, we propose a new parametric texture model to tackle this problem (Fig. [I). Instead
of describing textures on the basis of a model for the early visual system [21} [10], we use a con-
volutional neural network — a functional model for the entire ventral stream — as the foundation for
our texture model. We combine the conceptual framework of spatial summary statistics on feature
responses with the powerful feature space of a convolutional neural network that has been trained on
object recognition. In that way we obtain a texture model that is parameterised by spatially invariant
representations built on the hierarchical processing architecture of the convolutional neural network.



2 Convolutional neural network

We use the VGG-19 network, a convolutional neural network trained on object recognition that was
introduced and extensively described previously [25)]. Here we give only a brief summary of its
architecture.

We used the feature space provided by the 16 convolutional and 5 pooling layers of the VGG-19
network. We did not use any of the fully connected layers. The network’s architecture is based on
two fundamental computations:

1. Linearly rectified convolution with filters of size 3 x 3 x k where k is the number of input
feature maps. Stride and padding of the convolution is equal to one such that the output
feature map has the same spatial dimensions as the input feature maps.

2. Maximum pooling in non-overlapping 2 x 2 regions, which down-samples the feature maps
by a factor of two.

These two computations are applied in an alternating manner (see Fig.[T). A number of convolutional
layers is followed by a max-pooling layer. After each of the first three pooling layers the number of
feature maps is doubled. Together with the spatial down-sampling, this transformation results in a
reduction of the total number of feature responses by a factor of two. Fig. [I] provides a schematic
overview over the network architecture and the number of feature maps in each layer. Since we
use only the convolutional layers, the input images can be arbitrarily large. The first convolutional
layer has the same size as the image and for the following layers the ratio between the feature map
sizes remains fixed. Generally each layer in the network defines a non-linear filter bank, whose
complexity increases with the position of the layer in the network.

The trained convolutional network is publicly available and its usability for new applications is
supported by the caffe-framework [12]. For texture generation we found that replacing the max-
pooling operation by average pooling improved the gradient flow and one obtains slightly cleaner
results, which is why the images shown below were generated with average pooling. Finally, for
practical reasons, we rescaled the weights in the network such that the mean activation of each filter
over images and positions is equal to one. Such re-scaling can always be done without changing the
output of a neural network as long as the network is fully piece-wise linear

3 Texture model

The texture model we describe in the following is much in the spirit of that proposed by Portilla
and Simoncelli [21]. To generate a texture from a given source image, we first extract features of
different sizes homogeneously from this image. Next we compute a spatial summary statistic on the
feature responses to obtain a stationary description of the source image (Fig. [T]A). Finally we find a
new image with the same stationary description by performing gradient descent on a random image
that has been initialised with white noise (Fig.[IB).

The main difference to Portilla and Simoncelli’s work is that instead of using a linear filter bank
and a set of carefully chosen summary statistics, we use the feature space provided by a high-
performing deep neural network and only one spatial summary statistic: the correlations between
feature responses in each layer of the network.

To characterise a given vectorised texture Z in our model, we first pass Z through the convolutional
neural network and compute the activations for each layer [ in the network. Since each layer in the
network can be understood as a non-linear filter bank, its activations in response to an image form a
set of filtered images (so-called feature maps). A layer with N; distinct filters has IN; feature maps
each of size M; when vectorised. These feature maps can be stored in a matrix F* € RN *M: where
Fjl & 18 the activation of the j th filter at position k in layer . Textures are per definition stationary,
so a texture model needs to be agnostic to spatial information. A summary statistic that discards
the spatial information in the feature maps is given by the correlations between the responses of

'Source code to generate textures with CNNs as well as the rescaled VGG-19 network can be found at
http://github.com/leongatys/DeepTextures



different features. These feature correlations are, up to a constant of proportionality, given by the
Gram matrix G' € RN*N, where G is the inner product between feature map i and j in layer I:

Gij = ZFilkF}k' (1)
k

A set of Gram matrices {G*, G2, ..., GL} from some layers 1, ..., L in the network in response to
a given texture provides a stationary description of the texture, which fully specifies a texture in our

model (Fig. [TA).

4 Texture generation

To generate a new texture on the basis of a given image, we use gradient descent from a white noise
image to find another image that matches the Gram-matrix representation of the original image.
This optimisation is done by minimising the mean-squared distance between the entries of the Gram
matrix of the original image and the Gram matrix of the image being generated (Fig. [IB).

Let 7 and 7 be the original image and the image that is generated, and G' and G! their respective
Gram-matrix representations in layer ! (Eq.[I). The contribution of layer [ to the total loss is then

1 N2
E=——0s Gt — Gl (2)
4N12M12 ; ( J J)
and the total loss is .
L(F,7) =) wE (3)
1=0

where w; are weighting factors of the contribution of each layer to the total loss. The derivative of
E; with respect to the activations in layer [ can be computed analytically:

i (7(0-6) w1
o TR <0

The gradients of E;, and thus the gradient of £(Z, i’) with respect to the pixels & can be readily

computed using standard error back-propagation [18]. The gradient 2% can be used as input for

some numerical optimisation strategy. In our work we use L-BFGS [30], which seemed a reasonable
choice for the high-dimensional optimisation problem at hand. The entire procedure relies mainly
on the standard forward-backward pass that is used to train the convolutional network. Therefore, in
spite of the large complexity of the model, texture generation can be done in reasonable time using
GPUs and performance-optimised toolboxes for training deep neural networks [12].

5 Results

We show textures generated by our model from four different source images (Fig. [2). Each row of
images was generated using an increasing number of layers in the texture model to constrain the
gradient descent (the labels in the figure indicate the top-most layer included). In other words, for
the loss terms above a certain layer we set the weights w; = 0, while for the loss terms below
and including that layer, we set w; = 1. For example the images in the first row (‘convl_1") were
generated only from the texture representation of the first layer (‘convl_1") of the VGG network. The
images in the second row (‘pooll’) where generated by jointly matching the texture representations
on top of layer ‘convl_1’, ‘convl_2’ and ‘pooll’. In this way we obtain textures that show what
structure of natural textures are captured by certain computational processing stages of the texture
model.

The first three columns show images generated from natural textures. We find that constraining all
layers up to layer ‘pool4’ generates complex natural textures that are almost indistinguishable from
the original texture (Fig. 2} fifth row). In contrast, when constraining only the feature correlations
on the lowest layer, the textures contain little structure and are not far from spectrally matched noise



Figure 2: Generated stimuli. Each row corresponds to a different processing stage in the network.
When only constraining the texture representation on the lowest layer, the synthesised textures have
little structure, similarly to spectrally matched noise (first row). With increasing number of layers on
which we match the texture representation we find that we generate images with increasing degree of
naturalness (rows 2-5; labels on the left indicate the top-most layer included). The source textures in
the first three columns were previously used by Portilla and Simoncelli [21]. For better comparison
we also show their results (last row). The last column shows textures generated from a non-texture
image to give a better intuition about how the texture model represents image information.















