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ABSTRACT

With the rapid development of deep learning, such as
Convolution Neural Network (CNN), how to properly
make an image transfer to another image style become a
significant part in many areas which can’t be ignored.
Here we focus on the factors affecting image style in each
different kind of images, and how to transfer the most
suitable style feature and contains the original shape.
The algorithm allows us to produce new images of high
perceptual quality that combine the content of an
arbitrary photograph with the appearance of numerous
well known artworks.

Our results provide new insights into the deep image
representations learned by Convolutional Neural
Networks and demonstrate their potential for high level
image synthesis and manipulation.

Keywords: Deep Learning, Scheduling, PBQP, IPPR,
CVGIP 2018.

1.INTRODUCTION

Transferring the style from one image onto another can
be considered a problem of texture transfer. In texture
transfer the goal is to synthesize a texture from a source
image while constraining the texture synthesis in order to
preserve the semantic content of a target image. For
texture synthesis there exist a large range of powerful
non-parametric  algorithms that can synthesize
photorealistic natural textures by resampling the pixels of
a given source texture [1, 2]. Most previous texture
transfer algorithms rely on these nonparametric methods
for texture synthesis while using different ways to
preserve the structure of the target image. In this work we
show how the generic feature representations learned by
high-performing Convolutional Neural Networks can be
used to independently process and manipulate the content
and the style of natural images. Conceptually, it is a
texture transfer algorithm that constrains a texture
synthesis method by feature representations from state-
of-the-art Convolutional Neural Networks. Since the
texture model is also based on deep image
representations, the style transfer method elegantly

reduces to an optimization problem within a single neural
network. New images are generated by performing a pre-
image search to match feature representations of example
images. This general approach has been used before in
the context of texture synthesis [3] and to improve the
understanding of deep image representations [4]. In fact,
style transfer algorithm combines a parametric texture
model based on Convolutional Neural Networks [3] with
a method to invert their image representations [4].

2 BACKGROUND

In this section, we will simply describe some background
of DNN. A deep neural network (DNN) consists of a
directed graph of layers that receive, process, and output
data. As input data come, it will starting from input layer,
after performing some operation, the output data will
soon become an input data for next layer. Through a
number of layer, the data will arrive at final layer to
predict the result. The layer between input layer and final
layer is also called hidden layer. As the model become
complicated, the number of hidden will also increase. In
Figure 1, it is a DNN’s model looks like.

DNN output

Input: raw data
Figure 1 DNN models graph
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Hence, we can see DNN models as a directed acyclic
model. One well-known class of acyclic feedforward
DNNs are Convolutional Neural Networks (CNNSs).
CNNs normally accept a large matrix or tensor input,
such as an RGB image. The input layer of the CNN
processes the input tensor, and produces one or more
output tensors on its output edge(s). These outputs trigger
the execution of subsequent layers.

The output of the CNN is commonly a classification, that
is, a weighted distribution of categories — such as dogs
or helicopters — that the CNN predicts for the input.
Once training is complete, a CNN is stateless; the output
is purely a function of the most recent input and the
trained, fixed internal weights.

Our job is to use DNN to get content image’s feature
and style image’s feature and combine it.

3.Approach

We choose the VGG [5] network as our convolutional
neural networks model, which was trained to perform
object recognition and localization [6] and is described
extensively in the original work. A given input image is
represented as a set of filtered images at each processing
stage in the CNN. While the number of different filters
increases along the processing hierarchy, the size of the
filtered images is reduced by some down sampling
mechanism (e.g. max-pooling) leading to a decrease in
the total number of units per layer of the network.

Figure 2: Image representations in a Convolutional
Neural Network (CNN).

4. Content representation

Generally each layer in the network defines a non-linear
filter bank whose complexity increases with the position
of the layer in the network. Hence a given input image x
is encoded in each layer of the Convolutional Neural

Network by the filter responses to that image. A layer
with " distinct filters has ~ * feature maps each of size

L where Ml is the height times the width of the feature
map. So the responses in azlayer | can be stored in a
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To visualize the image information that is encoded at
different layers of the hierarchy one can perform gradient
descent on a white noise image to find another image that
matches the feature responses of the original image 2 (Fig
1, content reconstructions) [4]. Let p and x be the original
image and the image that is generated, and P | and F |
their respective feature representation in layer |. We then
define the squared-error loss between the two feature
representations
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from which the gradient with respect to the image x can
be computed using standard error back-propagation (Fig
2, right). Thus we can change the initially random image
x until it generates the same response in a certain layer of
the Convolutional Neural Network as the original image

p.

The higher layers in the network capture the high-level
content in terms of objects and their arrangement in the
input image but do not constrainthe reconstruction very
much. In contrast, reconstructions from the lower layers
simply reproduce the exact pixel values of the original
image (Fig 1, content reconstructions a—c). We therefore
refer to the feature responses in higher layers of the
network as the content representation.

5. Style representation

To obtain a representation of the style of an input image,
we use a feature space designed to capture texture
information [3]. This feature space can be built on top of
the filter responses in any layer of the network. It consists
of the correlations between the different filter responses,
where the expectation is taken over the spatial extent of
the feature maps. These feature correlations are given by

the Gram matrix G' € Nix M,
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where Gij is the inner product between the vectorized

feature maps i and j in layer I:
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By including the feature correlations of multiple layers,
we obtain a stationary, multi-scale representation of the
input image, which captures its texture information but
not the global arrangement. Again, we can visualize the
information captured by these style feature spaces built
on different layers of the network by constructing an
image that matches the style representation of a given
input image (Fig 1, style reconstructions).

Let a and x be the original image and the image that is

generated, and A' and 6' their respective style
representation in layer I. The contribution of layer | to the
total loss is then
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and the total style loss is
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where Wrare weighting factors of the contribution of
each layer to the total loss.

Figure 3: Style transfer architecture.

6. Style Transfer

To transfer the style of an artwork a onto a photograph p
we synthesize a new image that simultaneously matches
the content representation of p and the style
representation of a. Thus we jointly minimize the

distance of the feature representations of a white noise
image from the content representation of the photograph
in one layer and the style representation of the painting
defined on a number of layers of the Convolutional
Neural Network. The loss function we minimize is
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where o and f§ are the weighting factors for content and
style reconstruction.

7. Expectation

Figure 4: Ours expectation results: Images that combine
the content of a photograph with the style of several well-
known artworks.

8. Discussion
Here we discuss the parameter @8 influence in our loss

function (5).
First if @=10000 and &7 =1:
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Figure 5: The result output image with parameter &
=10000 and /5 =1.

We can see that it is a successful transfer since the output
image is not only contains the man who is sleeping but
the style is also change to the style image’s style. Next,

we reduce the value of & with same content image and
style image as input image.

If ¥=5000 and & =1:
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Figure 6: The result output image with parameter &
=5000 and /5 =1.

As we see above, since we reduce the weight of style
image, the shape which content image controll is more

clearly than first output image. We now reduce the value
of & again.
If ¥=1000 and /5 =1:
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Figure 7: The result output image with parameter &
=1000 and /5 =1.

As we expected, the shape reserved more details, but the
cost is that the style transfer is become not obvious
anymore.

On the contrary, as we increase the value of &,
If =50000 and /5 =1:
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Figure 8: The result output image with parameter &
=50000 and /5 =1.
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Since we increase the weight of style image, content
image gradually can’t hold its shape. Now we decide to e

increase & again. -
If ®=100000 and /3 =1:
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Figure 10: Application 1
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Figure 9: The result output image with parameter &
=100000 and /3 =1.

We can see that we almost cannot recognition what the y
output it is since its shape is totally lost. e

Figure 11: Application 2
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9. Application

Here are some different applications for our tools.




Figure 12: Application 3
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Figure 15: Application 6

Content_image Style_image
® a

Figure 16: Application 7

10. Conclusion

Here we demonstrate how to use our tool to make one
image style transfer to another style image. Although
most of applications can transfer perfectly, there still
have some applications seems not very well, such like the
application in Figure 15 and 16. Since the applications in
Figure 10 to 14 is doing traditional style transfer, Figure
15 and 16 has already expected to do some shape fusion.
In other words, our tools stills cannot effective doing
shape fusion, and this is the main challenge for our future
work.
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