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Abstract

Gatys et al. recently demonstrated that deep net-
works can generate beautiful textures and styl-
ized images from a single texture example. How-
ever, their methods require a slow and memory-
consuming optimization process. We propose
here an alternative approach that moves the com-
putational burden to a learning stage. Given a
single example of a texture, our approach trains
compact feed-forward convolutional networks to
generate multiple samples of the same texture of
arbitrary size and to transfer artistic style from
a given image to any other image. The result-
ing networks are remarkably light-weight and
can generate textures of quality comparable to
Gatys et al., but hundreds of times faster. More
generally, our approach highlights the power
and flexibility of generative feed-forward models
trained with complex and expressive loss func-
tions.

1. Introduction

Several recent works demonstrated the power of deep neu-
ral networks in the challenging problem of generating im-
ages. Most of these proposed generative networks that
produce images as output, using feed-forward calculations
from a random seed; however, very impressive results were
obtained by (Gatys et al., 2015a;b) by using networks de-
scriptively, as image statistics. Their idea is to reduce im-
age generation to the problem of sampling at random from
the set of images that match a certain statistics. In texture
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synthesis (Gatys et al., 2015a), the reference statistics is
extracted from a single example of a visual texture, and the
goal is to generate further examples of that texture. In style
transfer (Gatys et al., 2015b), the goal is to match simul-
taneously the visual style of a first image, captured using
some low-level statistics, and the visual content of a sec-
ond image, captured using higher-level statistics. In this
manner, the style of an image can be replaced with the one
of another without altering the overall semantic content of
the image.

Matching statistics works well in practice, is conceptually
simple, and demonstrates that off-the-shelf neural networks
trained for generic tasks such as image classification can
be re-used for image generation. However, the approach
of (Gatys et al., 2015a;b) has certain shortcomings too. Be-
ing based on an iterative optimization procedure, it requires
backpropagation to gradually change the values of the pix-
els until the desired statistics is matched. This iterative pro-
cedure requires several seconds in order to generate a rel-
atively small image using a high-end GPU, while scaling
to large images is problematic because of high memory re-
quirements. By contrast, feed-forward generation networks
can be expected to be much more efficient because they re-
quire a single evaluation of the network and do not incur in
the cost of backpropagation.

In this paper we look at the problem of achieving the syn-
thesis and stylization capability of descriptive networks us-
ing feed-forward generation networks. Our contribution is
threefold. First, we show for the first time that a generative
approach can produce textures of the quality and diversity
comparable to the descriptive method. Second, we propose
a generative method that is two orders of magnitude faster
and one order of magnitude more memory efficient than the
descriptive one. Using a single forward pass in networks
that are remarkably compact make our approach suitable
for video-related and possibly mobile applications. Third,
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Figure 1. Texture networks proposed in this work are feed-forward architectures capable of learning to synthesize complex textures
based on a single training example. The perceptual quality of the feed-forwardly generated textures is similar to the results of the closely
related method suggested in (Gatys et al., 2015a), which use slow optimization process.

we devise a new type of multi-scale generative architecture
that is particularly suitable for the tasks we consider.

The resulting fully-convolutional networks (that we call
texture networks) can generate textures and process im-
ages of arbitrary size. Our approach also represents an
interesting showcase of training conceptually-simple feed-
forward architectures while using complex and expressive
loss functions. We believe that other interesting results can
be obtained using this principle.

The rest of the paper provides the overview of the most re-
lated approaches to image and texture generation (Sect. 2),
describes our approach (Sect. 3), and provides extensive
extensive qualitative comparisons on challenging textures
and images (Sect. 4).

2. Background and related work

Image generation using neural networks. In general, one
may look at the process of generating an image X as the
problem of drawing a sample from a certain distribution
p(x). In texture synthesis, the distribution is induced by
an example texture instance Xg (e.g. a polka dots image),
such that we can write X  p(XjXg). In style transfer, the
distribution is induced by an image Xg representative of the
visual style (e.g. an impressionist painting) and a second
image X representative of the visual content (e.g. a boat),
such that X  p(XjXog; X1).

(Mahendran & Vedaldi, 2015; Gatys et al., 2015a;b) reduce
this problem to the one of finding a pre-image of a certain

image statistics (X) 2 RY and pose the latter as an op-
timization problem. In particular, in order to synthesize a
texture from an example image Xg, the pre-image problem
is:

argmink (x)  (Xo)kK3: (1)

Xx2X
Importantly, the pre-image X : (X) (Xp) is usually
not unique, and sampling pre-images achieves diversity. In
practice, samples are extracted using a local optimization
algorithm A starting from a random initialization z. There-
fore, the generated image is the output of the function
localopt(k (X)  (Xo)k3:A:;z); z N(O; ): (2
x2X
This results in a distribution p(XjXg) which is difficult to
characterise, but is easy to sample and, for good statistics
, produces visually pleasing and diverse images. Both
(Mahendran & Vedaldi, 2015) and (Gatys et al., 2015a;b)
base their statistics on the response that X induces in deep
neural network layers. Our approach reuses in particular
the statistics based on correlations of convolutional maps
proposed by (Gatys et al., 2015a;b).

Descriptive texture modelling. The approach described
above has strong links to many well-known models of vi-
sual textures. For texture, it is common to assume that p(X)
is a stationary Markov random field (MRF). In this case, the
texture is ergodic and one may considers local spatially-
invariant statistics F(x;i);i 2 , where i denotes a
spatial coordinate. Often F is the output of a bank of linear
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Iters and an histogramming operator. Then the spatialto a Laplacian pyramid of convolutional networks and DC-
average of this local statistics on the prototype textye GAN (Radford et al., 2015) further optimizes GAN and

approximates its sample average learn is from very large datasets.
X | Moment matching networks. The maximum entropy
(xo) = 1 F (xo:1) E [ F(x:0] (3 model of (Zhu et al., 1998) is closely related to the idea of
- ’ X p(x) ’ Maximum Mean DiscrepandIMD) introduced in (Gret-

ton et al., 2006). Their key observation the expected value
The FRAME model of (Zhu et al., 1998) uses this fact , = E, ,)[ (x)] of certain statistics (x) uniquely
to induce the maximum-entropy distribution over texturesidenti es the distributionp. (Li et al., 2015; Dziugaite
p(x) / exp(h ; (x)i); where is a parameter chosen et al., 2015) derive from it a loss function alternative to
so that the marginals match their empirical estimate, i.eGAN by cgnparing the statistics averaged over network
Ex pool ()= (Xo): samples: 1, B(zi) to the statistics averaged over

A shortcoming of FRAME is the dif culty of sampling empirical sampleg- 1, (xi). They use it to train a

from the maxent distribution. (Portilla & Simoncelli, 2000) Moment Matching NetwortMMN) and apply it to gener-
addresses this limitation by proposing to directly nd im- ate small images such as MNIST digits. Our networks are

agesx that match the desired statistigsx) ( xo),  Similar to moment matching networks, but use very speci ¢
pioneering the pre-image method of (1). statistics and applications quite different from the consid-

Where (Zhu et al., 1998; Portilla & Simoncelli, 2000) use eredin (Lietal, 2015; Dziugaite et al., 2015).
linear lters, wavelets, and histograms to build their tex-
ture statistics, (Mahendran & Vedaldi, 2015; Gatys et al..3- Texture networks

2015a;a) extract statistics from pre-trained deep neural Nety/e now describe the proposed method in detail. At a high-

works. (Gatys et al., 2015b_) differs also in that it considerglevd (see Figure 2), our approach is to train a feed-forward
the style transfer problem instead of the texture Symhes'aenerator network g which takes a noise sampteas in-

one. put and produces a texture samgle) as output. For style
Generator deep networks.An alternative to using a neu- transfer, we extend thiexture networko take both a noise
ral networks as descriptors is to construct generator nesamplez and a content imagg and then output a new im-
worksx = g(z) that producelirectly an imagex starting  ageg(y;z) where the texture has been appliedytas a
from a vector of random or deterministic parameters visual style. A separate generator network is trained for

Approaches such as (Dosovitskiy et al., 2015) learn a map‘?aCh texture or style and, once trained, it can synthesize an
ping from deterministic parametezs(e.g. the type of ob- arbitrary number of images of arbitrary size in an ef cient,

jectimaged and the viewpoint) to an imageThis is done ~ féed-forward manner.

by tting a neural network to minimize the discrepancy A key challenge in training the generator netwarks to

kxi  g(zi)k for known image-parameter paifgi;zi).  construct a loss function that can assess automatically the
While this may produce visually appealing results, it re-quality of the generated images. For example, the key idea
quires to know the relatio(x; z) beforehand and cannot of GAN is tolearnsuch a loss along with the generator net-
express any diversity beyond the one captured by the pawork. We show in Sect. 3.1 that a very powerful loss can
rameters. be derived from pre-trained and xetkscriptor networks

An alternative is to consider a functigr{z) where the pa- USing the statistics introduced in (Gatys et al., 2015a;b).
rameters are unknown and are sampled from a (Simp|e)GiVen the IOSS, we then discuss the architecture of the gen-
random distribution. The goal of the network is to map €rator network for texture synthesis (Sect. 3.2) and then
these random values to plausible images g(z). This  generalize it to style transfer (Sect 3.3).

requires measuring the quality of the sample, which is usu-

ally expressed as a distance betweemd a set of example 3.1. Texture and content loss functions

imagesxy;:::;Xn. The key challenge is that the distance o, |oss function is derived from (Gatys et al., 2015a;b)
must be able to generalize signi cantly from the available 5y compares image statistics extracted from a xed pre-
examples in order to avoid penalizing sample diversity. i 5ined descriptor CNN (usually one of the VGG CNN (Si-
Generative Adversarial Networks (GAN; (Goodfellow monyan & Zisserman, 2014; Chat eld et al., 2014) which
et al., 2014)) address this problem by training, togetheare pre-trained for image classi cation on the ImageNet
with the generator networty(z), a seconddversarialnet-  ILSVRC 2012 data). The descriptor CNN is used to mea-
work f (x) that attempts to distinguish between samplessure the mismatch between tpeototypetexturex, and
g(z) and natural image samples. Thercan be used as the generated image Denote byF/ (x) thei-th map (fea-

a measure of quality of the samples andan be trained to  ture channel) computed by théh convolutional layer by
optimize it. LAPGAN (Denton et al., 2015) applies GAN the descriptor CNN applied to image The Gram matrix
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Figure 2.0verview of the proposed architecture (texture networks). We trgienarator networKleft) using a powerful loss based on

the correlation statistics inside a xed pre-traingescriptor networkright). Of the two networks, only the generator is updated and

later used for texture or image synthesis. Toav block contains multiple convolutional layers and non-linear activations and the

join  block upsampling and channel-wise concatenation. Different branches of the generator network operate at different resolutions
and are excited by noise tensarof different sizes.

G'(x) is de ned as the matrix of scalar (inner) products texture loss (5) and the content loss (6) when training a gen-

between such feature maps: erator network for stylization. In the latter case, thelsgt
| o s does not includes layers as shallow as thelsetas only
Gjj (x) = hF{(x); F{ (x)i : (4) " the high-level content should be preserved.

Given that the network is convolutional, each inner product .

implicitly sums the products of the activations of feature 3.2. Generator network for texture synthesis

andj at all spatial locations, computing their (unnormal- We now discuss the architecture and the training procedure
ized) empirical correlation. Heno@}j (x) has the same for the generator networl for the task of texture synthe-
general form as (3) and, being an orderless statistics of losis. We denote the parameters of the generator network as
cal stationary features, can be used as a texture descriptor. The network is trained to transform a noise vector

In practice, (Gatys et al., 2015a;b) use as texture descrigiampled from a certain distributiah (which we set to be
tor the combination of several Gram matri€®®@s| 2 Ly,  uniformii.d.) into texture samples that match, according
whereLt contains selected indices of convolutional layer to the texture loss (5), a certain prototype textige

in the descriptor CNN. This induces the followitexture )
lossbetween images andxo: xo =argmin E;z [Lt(9(z; )ixo)]: (V)

X
Lt(X;Xo0) = kG'(x) G'(xo)K3: (5)

oL Network architecture. We experimented with several ar-
:

chitectures for the generator netwagk The simplest are

In addition to the texture loss (5), (Gatys et al., 2015b) pro_chains of convolutional, non-Iingar activa_tion, and upsam-
pose to use asontent losghe one introduced by (Mahen- pling layers that start from a noise samplin thg form pf

dran & Vedaldi, 2015), which compares images based or® Small feature map and terminate by producing an image.
the outputFi' (x) of certain convolutional layers 2 Lc While models of this type produce reasonable results, we

(without computing further statistics such as the Gram mafound thatmulti-scale architecturesesult in images with
trices). In formulas smaller texture loss and better perceptual quality while us-

ing fewer parameters and training faster. Figure 2 contains
X X | | ) a high-level representation of our reference multi-scale ar-
Le(x;y) = kF{(x) Fi(y)ka;  (6)  chitecture, which we describe next.

12Lc i=1 . L
¢ The reference texturey is a tensoRM M 3 containing

whereN; is the number of maps (feature channels) in layerthree color channels. For simplicity, assume that the spatial
| of the descriptor CNN. The key difference with the textureresolutionM is a power of two. The input noise com-
loss (5) is that the content loss compares feature activationgisesk random tensorg; 2 R 2, i = 1:2;::::K

at corresponding spatial locations, and therefore preservgge yseM = 256 andK = 5) whose entries are i.i.d.
spatial information. Thus this loss is suitable for contentsagmpled from a uniform distribution. Each random noise
information, but not for texture information. tensor is rst processed by a sequence of convolutional and
Analogously to (Gatys et al., 2015a), we use the textureron-linear activation layers, then upsampled by a factor of
loss (5) alone when training a generator network for textwo, and nally concatenated as additional feature channels
ture synthesis, and we use a weighted combination of th&o the partially processed tensor from the scale below. The
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Figure 3.0ur approach can also train feed-forward networks to transfer style from artistic images (left). After training, a network can
transfer the style to any new image (e.g. right) while preserving semantic content. For some styles (bottom row), the perceptual quality
of the result of our feed-forward transfer is comparable with the optimization-based method (Gatys et al., 2015b). ore examples can be
found at (Supp.Material) or (Extended version).

last full-resolution tensor is ultimately mapped to an RGBparameters is computed using backpropagation, and the
imagex by abankofL 1 lters. gradient is used to update the parameters. Note that LAP-

Each convolution block in Figure 2 contains three convo—Se'izl.rEDegt?nsitsﬁg' 5212::?;npﬁrfo”ﬂ:r?;;tgsrcafnzrr;m
lutional layers, each of which is followed by a ReLU acti- Ing, butu yerwi Ining, w urg

vation layer. The convolutional layers contain respectively]S trained end-to-end.
3 3,3 3andl 1 lters. Filers are computed densely
(stride one) and applied using circular convolution to re-
move boundary effects, which is appropriate for textures!n order to extend the method to the task of image styliza-
The number of feature channels, which equals the numbéion, we make several changes. Firstly, the generator net-
of lters in the preceding bank, grows from a minimum@f work x = g(y;z; ) is modi ed to take as input, in addi-

to a maximum oft0. The supplementary material speci es tion to the noise variable, the imagey to which the noise

in detail the network con guration which has only65K  should be applied. The generator network is then trained to

parameters, and can be compressed 200 Kb of mem-  output an image that is close in content tp and in tex-
ory. ture/style to a reference textuxg. For exampley could

. . . . be a photo of a person, an@ an impressionist painting.
Upsampling layers use simple nearest-neighbour interpola- P P d P P 9

tion (we also experimented strided full-convolution (Long Network architecture. The architecture is the same as
et al., 2015; Radford et al., 2015), but the results werdhe one used for texture synthesis with the important dif-

not satisfying). We found that training bene ted signif- férence that now the noise tensaysi = 1;:::;K at the
icantly from inserting batch normalization layers (loffe K Scales are concatenated (as additional feature channels)

& Szegedy, 2015) right after each convolutional layerWith downsampled versions of the input imageFor this
and, most importantly, right before the concatenation |ay_appllcat|on, we found bene cial to increased the number of
ers, since this balances gradients travelling along differentc@les fromk =5 toK =6.

branches of the network. Learning. Learning proceeds by sampling noise vectors
zy Z and natural imageg; Y and then adjusting
If)he parameters of the generatog(y;;zi; ) in order to
minimize the combination of content and texture loss:

3.3. Style transfer

Learning. Learning optimizes the objective (7) using
stochastic gradient descent (SGD). At each iteration, SG

performs forward evaluation of the generator network to
obtained the corresponding images = g(zx; ), per-
forms forward evaluation of the descriptor network to ob- Lt (g(y;z; ); o)+ Lc(a(y;z; );y)]:

tain Gram matrice$' (xx);! 2 Ly, and nally computes

the loss (5) (note that the corresponding te@éx,) for HereZ is the same noise distribution as for texture synthe-
the reference texture are constant). After that, the gradisis, Y empirical distribution on naturals image (obtained
ent of the texture loss with respect to the generator networkrom any image collection), and a parameter that trades

Xo =argmin E,; iyY [ (8)
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Figure 4.Further comparison of textures generated with several methods including the original statistics matching method (Portilla &
Simoncelli, 2000) and the DCGAN (Radford et al., 2015) approach. Overall, our method and (Gatys et al., 2015a) provide better results,
our method being hundreds times faster.

off preserving texture/style and content. In practice, wefrelu4 _2g.

found that learning is surprisingly resilient to over tting Texture synthesis. We compare our method to (Gatys
and that it suf ces to approximate the distribution on nat- et 1., 2015a;b) using the popular implementation of (John-
ural imagesY with a very small pool of images (e.§6).  son, 2015), which produces comparable if not better results
In fact, training on more images does reduce the 10Ss Ofhan the implementation eventually released by the authors.
hold-out images (as expected), but was found to degradgve also compare to the DCGAN (Radford et al., 2015)
the visual quality uniformly across train and hold-out im- yersion of adversarial networks (Goodfellow et al., 2014).
ages. We conjecture that this mismatch between loss resince DCGAN training requires multiple example images
duction and visual degradation quality arises because thgy training, we extract those as slidigt 64 patches
loss tries to maintain the proportions of different texturefrom the256 256 reference textur&,; then, since DC-
structures in the reference texture image, while at the samgAN is fully convolutional, we use it to generate larger
time aSSOCiating such structures with others in the ConterQSG 256images S|mp|y by |nputt|ng a |arger noise tensor.
images, which may exist in very different proportions in Finally, we compare to (Portilla & Simoncelli, 2000).
different examples. Learning such a map may either eXFigure 4 shows the results obtained by the four meth-

ceed the capacity of the m(_)del or may not t.)e atta|nab|e_|r6ds on two challenging textures of (Portilla & Simoncelli,
general from a local analysis of the content image. DeSp't%OOO). Qualitatively, our generator CNN and (Gatys et al.,
this limitation, the perceptual quality of the generated styl—2015a).S results are comparable and superior to the other
ized images is usually very good, although for some Style?nethodS' however, the generator CNN is much more ef -
we coqu nqt match the quality of the original stylization cient (seé Sect. 4.é). Figure 1 includes further comparisons
by optimization of (Gatys et al., 2015b). between the generator network and (Gatys et al., 2015a)

) and many others are included in the supplementary mate-
4. Experiments rial.

Further technical details. The generator network Style transfer. For training, example natural images were
weights were initialized using Xavier's method. Train- €xtracted at random from the ImageNet ILSVRC 2012

ing used Torch7s implementation of Adam (Kingma data. As for the original method of (Gatys et al., 2015b),

& Ba, 2014), running it for2000 iteration. The ini- Wwe found that style transfer is sensitive to the trade-off pa-

tial learning rate of0:1 was reduced by a factod:7  rameter between texture and content loss in (6). At test

at iteration 1000 and then again everp00 iterations. time this parameter is not available in our method, but we

The batch size was set td6.  Similar to (Gatys found that the trade-off can still be adjusted by changing

et al., 2015a), the texture loss uses the layles =  the magnitude of the input noige(see Figure 5).

frelul _1;relu2 _1;relu3 _1;relud _1;relu5 _1lg We compared our method to the one of (Gatys et al., 2015b;
of VGG-19 and the content loss the layére = Johnson, 2015) using numerous style and content images,






