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style transfer for video



https://youtu.be/ZIwy2pqlFG4
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A Taxonomy of Style Transfer Method

* |mage lteration
e MMD-based

e MRF-based
e Model Iteration

http://arxiv.org/abs/1705.04058



024 o]o|X|2] Y= #XISHK|?

Understanding Deep Image Representations by Inverting Them

Aravindh Mahendran Andrea Vedaldi
University of Oxford University of Oxford

https://arxiv.org/abs/1412.0035
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Figure 6. CNN reconstructlon. Reconstruction of the image of Fig. 5.a from each layer of CNN-A. To generate these results, the regular-
ization coefficient for each layer is chosen to match the highlighted rows in table 3. This figure is best viewed in color/screen.

https://arxiv.org/abs/1412.0035
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Regularizer
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Texture Synthesis Using Convolutional Neural
Networks

Leon A. Gatys
Centre for Integrative Neuroscience, University of Tiibingen, Germany
Bernstein Center for Computational Neuroscience, Tiibingen, Germany
Graduate School of Neural Information Processing, University of Tiibingen, Germany
leon.gatys@bethgelab.org

https://arxiv.org/abs/1505.07376
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A Neural Algorithm of Artistic Style

A Neural Algorithm of Artistic Style
Leon A. Gatys,'>3* Alexander S. Ecker,?%° Matthias Bethge! >

"Werner Reichardt Centre for Integrative Neuroscience
and Institute of Theoretical Physics, University of Tiibingen, Germany

“Bernstein Center for Computational Neuroscience, Tiibingen, Germany

http://arxiv.org/abs/1508.06576



A Neural Algorithm of Artistic Style

X = Neural Style Transfer2t=
NS A S =2

http://arxiv.org/abs/1508.06576



A Neural Algorithm of Artistic Style
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A Neural Algorithm of Artistic Style

fityte Reconstructions

Figure 1: Convolutional Neural Network (CNN). 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
downsampling mechanism (e.g. max-pooling) leading to a decrease in the total number of
units per layer of the network. Content Reconstructions. We can visualise the information

http://arxiv.org/abs/1508.06576



A Neural Algorithm of Artistic Style

X = Neural Style Transfer2t=
NS A S =2

ﬁmmz (ﬁ: '5':: f) — @Lmnrﬁnt (IU ) + Bﬁeryiﬁ(a’ f)

http://arxiv.org/abs/1508.06576



A Neural Algorithm of Artistic Style
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http://arxiv.org/abs/1508.06576



A Neural Algorithm of Artistic Style

Emmz( P, :f) — aﬁmnnﬂnt( ) + ﬁﬁ.@ryip(aa f)

http://arxiv.org/abs/1508.06576



A Neural Algorithm of Artistic Style
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A Neural Algorithm of Artistic Style

Emmz (ﬁu &:: f) :Elccontent (ﬁ; f) + Estfyie(a’: f)

http://arxiv.org/abs/1508.06576



A Neural Algorithm of Artistic Style

Conv1 1

Conva 1

http://arxiv.org/abs/1508.06576



A Neural Algorithm of Artistic Style

http://arxiv.org/abs/1508.06576
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A Taxonomy of Style Transfer Method

* |mage lteration
e MMD-based

e MRF-based
e Model Iteration

http://arxiv.org/abs/1705.04058
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Markov Random Fields based
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https://arxiv.org/abs/1601.04589



Markov Random Fields based

Figure 3: Comparison of patch matching at different layers
of a VGG network.

https://arxiv.org/abs/1601.04589



Markov Random Fields based

https://arxiv.org/abs/1601.04589



Can it be applied to video?

https://giphy.com/gifs/art-tech-coding-tY1nqCfljweGl



A Taxonomy of Style Transfer Method

* |mage lteration
e MMD-based

e MRF-based
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“Fast” Neural Style Transfer

Perceptual Losses for Real-Time Style Transfer
and Super-Resolution

Justin Johnson, Alexandre Alahi, Li Fei-Fei
{jcjohns, alahi, feifeili}@cs.stanford.edu

Department of Computer Science, Stanford University

https://arxiv.org/abs/1603.08155



“Fast” Neural Style Transfer
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“Fast” Neural Style Transfer
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Cycle GAN

https://arxiv.org/abs/1703.10593



Cycle GAN

Unpaired Image-to-Image Translation
using Cycle-Consistent Adversarial Networks

Jun-Yan Zhu* Taesung Park* Phillip Isola Alexei A. Efros
Berkeley Al Research (BAIR) laboratory, UC Berkeley
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https://arxiv.org/abs/1703.10593



Cycle GAN is a follow up to Pix2Pix

Image-to-Image Translation with Conditional Adversarial Networks

Phillip Isola Jun-Yan Zhu Tinghui Zhou Alexei A. Efros

Berkeley Al Research (BAIR) Laboratory, UC Berkeley

{isola, junyanz, tinghuiz, efros}@eecs.berkeley.edu
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https://arxiv.org/abs/1611.07004
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Cycle GAN
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Cycle GAN

Hifaans
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facade — label

edges — shoes

Figure 8: Example results of CycleGAN on paired datasets
used in “pi1x2pix”’ [2 1] such as architectural labels<+photos
and edges<>shoes.

https://arxiv.org/abs/1703.10593



Photorealistic Image Stylization

A Closed-form Solution to Photorealistic Image Stylization

Yijun Li', Ming-Yu Liu?, Xueting Li', Ming-Hsuan Yang!?, and Jan Kautz?
'University of California, Merced NVIDIA
{y1i62,x1i75, mhyang}@ucmerced.edu {mingyul, jkautz}@nvidia.com

JREBARE
JRPE -y

(a) Content (b) Style (c) Gatys et al. [6] (d) Luan et al. [21] (e) Ours

http://arxiv.org/abs/1802.06474



Photorealistic Image Stylization

Figure 2: The proposed photorealistic image style transfer

algorithm consists of two closed-form function mappings:

F1 and F5. While F; maps I to an intermediate image
carrying the style of /s, 5> removes noticeable artifacts and
produces a photorealistic stylized result.

= Convolution B Max pooling B3 Max pooling mask
B Upsampling B3 Unpooling

o HI...HHH pﬂ.-ps*HHH...Iﬂ N

21 sl s | |

(b) PhotoWCT

http://arxiv.org/abs/1802.06474



Photorealistic Image Stylization

(a) Content (b) Style (c) Pitié et al. [24] (d) Luan et al. [21] (e) Ours

http://arxiv.org/abs/1802.06474
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Style Transfer in Movie

Bringing Impressionism to Life with Neural Style Transfer in Come Swim

Bhautik J Joshi* Kristen Stewart David Shapiro
Research Engineer, Adobe Director, Come Swim Producer, Starlight Studios

https://arxiv.org/abs/1701.04928v1



Style Transfer in Movie

Figure 6: Increasing the value of u gave us a control to fine-tune
the degree of subjectively-measured impressionism present in the
style transfer

https://arxiv.org/abs/1701.04928v1
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Neural Style Transfer to Audio

Alan Walker Fade

https://youtu.be/iUujo7i6P3w




Neural Style Transfer to Audio

Dmitry Ulyanov

Technical blog Blog About

Audio texture synthesis and style transfer

by Dmitry Ulyanov and Vadim Lebedev

We present an extension of texture synthesis and style transfer method of Leon Gatys et al. for audio. We have developed the same code for three frameworks (well, it is
cold in Moscow), choose your favorite:

Torch TensorFlow Lasagne

How do you apply neural-style to audio?
The modifications of image style transfer algorithm are rather straightforward.

& The raw audio is converted to a spectrogram via Short Time Fourier Transform. Spectrogram is a 2D representation of a 1D signal so it can be treated (almost) as an
image. In fact is better to think of spectrogram as of 1xT image with = channels.

* Next we need a network. We cannot just use VGG-19, since 3x3 convolutions are not suited for our essentially 1D problem, for which we for sure want to use 1D
convolutions. Then there are two options: use a pretrained network or use completely random weights. In Torch implementation | tried to train different kind of
nets, but they seem to perform similarly. As [1,2,3] Vadim also found that quality of the network is not important for texture synthesis. Nets with random weights
are implemented for all three frameworks. Interestingly, the network we use has only one layer with 4036 filters.

+ And finally we need to reconstruct a signal from its spectrogram. The simplest way to do the inversion is to use Griffin-Lim algorithm.

https://dmitryulyanov.github.io/audio-texture-synthesis-and-style-transfer/
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m",‘@’/ Latest artworks ~ CREATEYOUROWN  Videos  Offer  About My images %% ©

TURN ANY PHOTO INTO AN ARTWORK - FOR FREE!

We use an algorithm inspired by the human brain. It uses the stylistic elements of one image to draw the
content of another. Get your own artwork in just three steps.

n Upload photo e Choose style e Submit

The first picture defines the scene you would Choose among predefined styles or upload your ~ Our servers paint the image for you. You get an
like to have painted. own style image. email when it's done.
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DeepArt.io

MORE THAN A SERIES OF
IMAGES

Rendering movies requires continuity across
frames. We achieve this by tracking image features
across time.

Minsterplatz Freiburg HD

Drop us a line if you're interested.
Use the price calculator on the right to view prices for HD (720p) videos up
to five minutes.

Pricing for longer videos and Full HD upon request.

We recommend that you run test renderings of individual frames with
your style of choice using our free image rendering tool to get an idea how
your video will look like.

Inquire now

HD VIDEO

Our famous algorithm is now also available for HD
video (720p).

PRICE CALCULATOR

249€
?

10sec Smin

Resolution: HD 720p

Frame rate: 30 fps




DeepArt.io

NIPS 2017 Poster Contest

MAKE NIPS PRETTY

Let's make the conference center pretty together! You create neural art - we will render the
best 50 pieces in high resolution and print them on posters for the conference center. At the
conference, we'll have a vote. The winner will receive an NVIDIA DGX Station, the fastest
personal supercomputer for researchers and data scientists.

View submissions

Rules Sponsors
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Fashion style transfer

Figure 1: (a) and (b) provide the shape & style respectively (c) Final Design

https://arxiv.org/abs/1707.09899v1
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Fashion style transfer

neural style transfer
based on keras



QR Code With Style Transfer

Q Tony Beltramelli

-

% @Tbeltramelli

They used style transfer conv nets to customize QR
Codes arxiv.org/pdf/1803.01146...




QR Code With Style Transfer
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Do It Yourself

< Android & TensorFlow: Artistic Style Transfer (© 22 min remaining

1. Introduction

What is artistic style transfer?
One of the most exciting developments in deep learning to come out recently is artistic style transfer, or the ability to
create a new image, known as a pastiche, based on two input images: one representing the artistic style and one

representing the content.

Content

Using this technique, we can generate beautiful new artworks in a range of styles.

https://codelabs.developers.google.com/codelabs/tensorflow-style-transfer-android/



Do It Yourself

2. Getting set up

Get the Code

There are two ways to grab the source for this codelab: either download a ZIP file containing the code, or clone it from
GitHub.

ZIP Download

Click the following button to download all the code for this codelab:

i DOWNLOAD SOURCE CODE

Unpack the downloaded zip file. This will unpack a root folder ( tensorflow-style-transfer-android-codelab-
start ), which contains the base app we'll work on in this codelab, including all of the app resources.

Check out from GitHub

Check the code out from GitHub:

git clone https://github.com/googlecodelabs/tensorflow-style-transfer-android

This will create a directory containing everything you need. If you change into it you canuse git checkout
codelab-start and git checkout codelab-finish to switch between the start & end of the lab, respectively.

https://codelabs.developers.google.com/codelabs/tensorflow-style-transfer-android/



Do It Yourself

o neural style transfer Pull requests s Marketplace plore

Repositories 301 391 repository results Sort: Best match ~
Code 79K
Commits e jcjohnson/fast-neural-style oL * 23k
Feedforward style transfer
Issues 460
Updated 29 days ago
Topics 1
Wikis 430 i
fzliu/style-transfer ® Python * 1.2k
Users 3 An implementation of "A Neural Algorithm of Artistic
Style" by L. Gatys, A. Ecker, and M. Bethge.
http:/farxiv.org/ab...
Languages
Updated on 30 Aug 2017
Python 204
Jupyter Notebook 13
Lua 8 .
titu1994/Neural-Style-Transfer @ Python * 1k
Shell 5 Keras Implementation of Neural Style Transfer from
HTML 3 the paper "A Neural Algorithm of Artistic Style”
JavaScript 3 (http://arxiv.org...
Tex 3 Apache-2.0 license  Updated on 9 Aug 2017
Ct+ 2
Java 2
Ruby 5 rupeshs/neuralsongstyle @ Python * 32

Audio style transfer Al

Advanced search  Cheat sheet python tensorflow style styletransfer
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Thanks You!



