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Abstract
Artistic style transfer is an image synthesis problem where the content of an
image is reproduced with the style of another. Recent works show that a visually
appealing style transfer can be achieved by using the hidden activations of a pretrained convolutional neural network. However, existing methods either apply (i)
an optimization procedure that works for any style image but is very expensive, or
(ii) an efficient feedforward network that only allows a limited number of trained
styles. In this work we propose a simpler optimization objective based on locality
matching that combines the content structure and style textures in a single layer of
the pretrained network. We show that our objective has desirable properties such as
a simpler optimization landscape and consistent frame-by-frame performance on
video. Furthermore, we use 80,000 natural images and 80,000 paintings to train an
inverse network that approximates the result of the optimization. This results in a
procedure for artistic style transfer that is efficient but also allows arbitrary content
and style images.
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Introduction

Famous artists are typically renowned for a particular artistic style, which takes years to develop.
Even once perfected, a single piece of art can take days or even months to create. This motivates
us to explore efficient computational strategies for creating artistic images. While there is a large
classical literature on texture synthesis methods that create artwork from a blank canvas [6, 16, 18, 26],
several recent approaches study the problem of transferring the desired style from one image onto the
structural content of another image. This approach is known as artistic style transfer.
Artistic style transfer based on convolutional neural network (CNN) has recently shown impressive
results [7, 8, 9, 17], and even created a market for mobile applications that can stylize user-provided
images on demand. Despite this renewed interest, the actual process of style transfer is based on
solving a complex optimization procedure, which can take minutes on today’s hardware. This may
be too slow for applications where we want to stylize videos, and has motivated recent approaches
that train another neural network to efficiently approximate the optimum of the optimization problem
[14, 24, 25]. While much faster, these approaches sacrifice the versatility of being able to perform
style transfer with arbitrary style image, as the feed-forward networks are trained to mimic a certain
style or a small set of styles.
In this work we propose a method that has addresses these limitations: a new method for artistic
style transfer that is efficient but is not limited to a finite set of styles. We tackle this problem by
defining a new optimization objective for style transfer that notably only depends on one layer of the
CNN (as opposed to existing methods that use multiple layers). The new objective still leads to a
visually appealing style transfer while this simple restriction allows us to use an “inverse network" to
deterministically invert the activations from that layer to yield the stylized image.
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Our Optimization Formulation

The main component of our style transfer method is a patch-based operation for constructing the
target activations in a single layer, given the style and content images. We refer to this procedure
as swapping the style of an image, as the content image is replaced patch-by-patch by the style
image. We only present this operation at a high level here due to space restrictions, but it is possible
to formulate this operation as a convolution followed by a simple argmax and then a transposed
convolution.
Let C and S denote the RGB representations of the content and style images (respectively), and let
Φ(·) be the function represented by a fully convolutional part of the pretrained CNN that maps an
image from the RGB space to some intermediate activation space.
We extract overlapping activation patches after mapping the content and style images to their activations, Φ(C) and Φ(S). Let {φi (C)}i∈Nc and {φj (S)}j∈Ns denote the set of extracted activation
patches for content and style respectively. The activation patches can be extracted with arbitrary size
and overlap, although the style and content activation patches must have the same patch size.
We then perform a patch-wise similarity matching between the content activation patches and style
activation patches, using normalized cross-correlation. In particular, for each content patch we find
the style patch maximizing
φss
i (C, S) := arg max
φj (S), j∈Ns

hφi (C), φj (S)i
.
||φi (C)|| · ||φj (S)||

(1)

We replace every content activation patch φi (C) with its best matching style activation patch
ss
φss
i (C, S). The complete activations for the style-swapped image, which we denote by Φ (C, S),
ss
are then formed by recombining the patches {φi (C, S)}i∈Nc . We average the activation values
between overlapping patches, producing a linear interpolation effect in activation space. Thus, the
hidden activations can be viewed as coming from a single original image.
The stylized image can be computed by placing a loss function on the activation space with target
activations Φss (C, S). Similar to prior works on style transfer [9, 17], we use the squared-error loss
and define our optimization objective as
Istylized (C, S) = arg min ||Φ(I) − Φss (C, S)||2 + λ`T V (I)

(2)

I∈R3×H×W

where `T V (I) is a total variance regularization term widely used in image generation methods
[1, 14, 21]. Because Φ(·) may contain multiple max-pooling operations that downsample the
image, we use this regularization as a natural image prior, obtaining spatially smooth results for
the re-upsampled image. Since the function Φ(·) is part of a pretrained CNN and is at least once
subdifferentiable, (2) can be minimize using standard subgradient-based optimization methods.
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Approximating the Optimum With an Inverse Network

An alternative approach to using optimization methods is to train an inverse network that approximates
the optimum of the loss function (2). In particular, instead of placing a loss on the RGB space and
trying to optimize in RGB space, our inverse network is trained using the loss (2) on the activations.
d
−1 using the loss function
In particular, we train a network approximating Φ
n


1X
d
d
−1 (Φ )) − Φ ||2 + λ`
−1 (Φ )
min
||Φ(Φ
.
(3)
j
j
TV Φ
j
d
−1 n
Φ
j=1
3.1

Training Method

The function Φ(·) is non-surjective. That is, not all hidden activations correspond to real images.
This causes a problem if we only train on real images. In this case the Φj obtained by (3) from the
real images at test time would be inverting activations that are outside the trained domain (as these
activations would be the result of style swapping).
To ensure the network can invert style-swapped activations, we simply augment the training set to
include these types of activations. More precisely, given a set of content and style images (and their
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Figure 1: The effect of style swapping in different layers of VGG-19 [23], and also in RGB space. Due
to the naming convention of VGG-19, “reluX_1” refers to the first ReLU layer after the (X − 1)-th
maxpooling layer. The style swap operation uses patches of size 3 × 3 and stride 1, and then the RGB
image is constructed using optimization.
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Figure 2: (a) Standard deviation of the RGB pixels over the course of optimization is shown for 40
random initializations. The lines show the mean value and the shaded regions are within one standard
deviation of the mean. The vertical dashed lines indicate the end of optimization. (b) Samples using
random initializations.

corresponding activations), we augment the training set with style-swapped activations based on
pairs of images. This augmented set of activations is then used to train the inverse network using a
stochastic gradient method applied to (3).

4

Experiments

Target Layer. The effects of style swapping in different layers of the VGG-19 network are shown
in Figure 1 (where in these figures we’re using optimization as described in Section 2). We see that
while we can style swap directly in RGB space, the result is nothing more than a recolor. As we
choose a target layer that is deeper in the network, textures of the style image are more pronounced.
We find that style swapping on the “relu3_1” layer provides the most visually pleasing results, while
staying structurally consistent with the content. We restrict our method to the “relu3_1” layer in the
following experiments and in the inverse network training. Qualitative results are shown in Figure 4,
where our results are placed side-by-side with images stylized using Gatys et al’s method.
Consistency. Style swapping concatenates the content and style information into a single target
feature vector. The optimization procedure is then much easier compared to other approaches.
Figure 2 shows the difference in optimization between our formulation and existing works. Random
initializations have almost no effect in the stylized result, indicating that we have far fewer local
3
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Figure 3: Validation loss of inverse Table 1: Mean computation times of style transfer methods
networks on 2000 content images that can handle arbitary style images. Times are taken for
and 6 style images, using patches of images of resolution 300 × 500 on a GeForce GTX 980 Ti.
size 3 × 3.
Note that the number of iterations for optimization-based
approaches should only be viewed as a very rough estimate.

optima than other style transfer objectives. This consistency property is advantageous when stylizing
videos frame by frame, as our method is able to adapt to video without any explicit gluing procedure,
such as using optical flow [22].
4.1

Inverse Network

Dataset and Training. We train the inversion network using the Microsoft COCO (MSCOCO)
dataset [19] and a dataset of paintings sourced from wikiart.org and hosted by Kaggle [4]. Each
dataset has roughly 80, 000 natural images and paintings, respectively. We train using Adam [15]
for approximately 2 epochs on each dataset. We construct each minibatch using 2 natural images, 2
paintings, and 4 style-swapped activations using the images in the minibatch.
Result. Figure 3 shows the approximation results for inverting style swapped activations with 3 × 3
patches. Though only trained on images of size 256 × 256, we achieve reasonable results for arbitrary
full-sized images. We additionally compare against an inverse that has the same architecture but was
not trained with the augmentation of style-swapped activations. As expected, the network that never
sees style-swapped activations during training performs worse than the network with the augmented
training set.
Computation Time. Computation times for methods that can handle arbitary style images are
shown in Table 1. Both our optimization-based and feedforward variants beat existing methods on
speed while maintaining the same level of versatility. To the best of our knowledge, this is the first
CNN-based feedforward approach that can generalize to any style image.
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Figure 4: Qualitative examples of our method compared with Gatys et al.’s formulation [9].
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