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VGG-style networks

. Consist of repeated

Convolutions
RelLU
MaxPool

FC + Softmax at the end

. Activations (feature maps)
Tensor of size CxWxH

Image credit: Xavier Giro, DeepFix slides
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Image generation examples

Mordvintsev, 2015 Simonyan et al. 2014
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Presentation structure

General overview:
1. Texture synthesis
2. Image style transfer

3. Neural doodles

Our work “Texture networks” (ICML 2016):

. Fast texture synthesis
. Fast image style transfer

. Fast neural doodles
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Examples: Texture Synthesis

Source Synthesized
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L. A. Gatys, A. S. Ecker, M. Bethge; “Texture Synthesis Using Convolutional Neural Networks®; NIPS 2015
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Examples: Image Artistic Style Transfer

Content Style Result

L. A. Gatys, A. S. Ecker, M. Bethge; “Image Style Transfer Using Convolutional Neural Networks®; CVPR 2016
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Examples: Neural Doodles

Template

Syntesized image User mask

A. J. Champandard. “Semantic Style Transfer and Turning Two-Bit Doodles into Fine Artworks”, 2016
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How does it work?
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Image generation by optimization

x" = argmin L(z
xr
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Gatys et. al.: Optimization-based texture synthesis

o Texture: t

. Activations at layer {; F'(t)

« Gram matrix at layer : G'(t)
M, N,

ty=>» F
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Gatys et. al.: Optimization-based texture synthesis

D S w06

Li(z;t) |L%(z;t) |L3(z;t)
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\\
N8t e L o i iiiiiiiiooooooococoooccoooco oo eeoeo—eee————————————m—————ccccccccccccccccooo2%

« Image: £
» Gram matrix at layer {: G'(x)
. Loss at layer !: L (z;t) = |G (t) — G'(2)]]5

10/14/16 Dmitry Ulyanov = Style transfer, neural doodles & texture synthesis



Gatys et. al.: Optimization-based texture synthesis

X"""'"""""""bé"éé}'iﬁt'c}?ﬁé’t\&&'k'(\}é'é'.'{é') """""""""""

Li(z;t) |L%(z;t) |L3(z;t)

L T T T

\ G G C)
s

o LoOSS: £te:cture(33; t) — Zl HGl (t) — GZ(QZ)H%

o Solve minx Lteacture (37; t)
. k+1 k OL(x;t)
« By gradient descent x = o

10/14/16 Dmitry Ulyanov = Style transfer, neural doodles & texture synthesis



Examples: Texture Synthesis

Source Synthesized
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L. A. Gatys, A. S. Ecker, M. Bethge; “Texture Synthesis Using Convolutional Neural Networks®; NIPS 2015
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How to: Neural Doodles

Template

Syntesized image User mask

github.com/DmitryUlyanov/fast-neural-doodle
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Gatys et. al.: Content loss for style transfer

Content C Style { Result XL

o Total loss: »C(x, t, C) — Etea:ture(x; t) + Lecontent (33; C)
o Texture loss: £tewture (37; t) — Zl HGl(t) — Gl(x)“%
« Content loss: Leontent(x;¢) = 7
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Gatys et. al.: Content loss for style transfer

C
\ @F1<c> H Fe J

« Content image: C

. Activations at layer {; Fl(c)

10/14/16 Dmitry Ulyanov = Style transfer, neural doodles & texture synthesis




Gatys et. al.: Content loss for style transfer

Content C Style { Result XL

o Total loss: »C(xy t, C) — £textu7°e (33; t) + £content (33; C)

o Texture loss: /:tewture(x; t) — Zl HGl(t) — Gl(x)“%

+ Content loss: Econtent(x5t) — Zl HFZ(t> _ Fl(ZE)H%
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What else?

The results are excellent, but...

It is slow! Several minutes on a high-end GPU.
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Texture Networks:

Feed-forward Synthesis of Textures and Stylized Images

Dmitry Ulyanov'?, Vadim Lebedev’?, Andrea Vedaldi3, Victor Lempitsky?

ICML 2016

‘Yandex : Skoltech B

Skolkowo Institute of Science and Technolo
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Our method: learn a neural net to generate

Instead of solving Solve
min L(x) mein EL(go(2)) =z~ U(0,1)

E~%V

Now
Generation requires a single go(2) evaluation
But

Need to make sure 96(2)does not collapse everything into one point

10/14/16 Dmitry Ulyanov = Style transfer, neural doodles & texture synthesis



We propose: texture network

\ \‘"oescriptornetwork(VGG-19) """"""""""""

Li(z;t) |L%(z;t) L3(z;t)
> |:> Generator network |:> T T T | T \
go(2) ( 02 ] G(a)
Iayer1HIayer2’
« Solve m@in ELtexture(g0(2);t), 2z~ U(0,1)
. Bygradient descent 0"t =9F — aﬁﬁ(ggéz);t)
» Generate Z: r=ge(z), z~U(0,1)
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We propose: stylization network

g

2

o« Solve

« By gradient descent

<

Generator network

ge(z,c)

e Generate &

10/14/16

S

J

Descriptor network (VGG-19)

Li(z;t) |L%(z;t) L3(z;t)

TT,T

( G (a 1 @)

Iayer1HIayer2’

m@inEC(gg(z,c); c,t), z~U(0,1)

9k—|—1 — Qk . aﬁﬁ(ge(z))

00

r=gg(z,c), z~U(0,1)

Dmitry Ulyanov
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Qualitative evaluation: textures

=T
Texture Gatys et. al. Ours
(90 sec.) (0.06 sec.)

Almost similar but ours500 times faster.
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Qualitative evaluation: textures

R 2
Gatys et. al.
(90 sec.) (0.06 sec.)
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Qualitative evaluation: textures

aty et. al. Ours” | TeXturé , Gétys . al. dus B
(90 sec.) (0.06 sec.) (90 sec.) (0.06 sec.)

\)
A

Texture
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Qualitative results: stylization

Gatys et. al.
(90 sec.)

B S
| K ’
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Qualitative results: stylization

Content Style
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Generator network

. Works good with any fully convolutional architectures.
. Use Instance normalization instead of Batch Normalization.
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Was the technology used somewhere?

Yes!
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Online neural doodles: likemo.net

Well done!

GIF: prostheticknowledge-online-neural-doodle
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Fast stylization

. Made possible many stylization apps for mobile devices

Vv ARo-

Vinci Prisma Artisto — Art Vide
VK.com Prisma Labs, inc My.com B.V
& & & & ' & & & 1 & 8 &
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Source code

Source code is open at

https://github.com/DmitryUlyanov/
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Our method: learn a neural net to generate

Instead of solving Solve
min L(x) mein EL(go(2)) =z~ U(0,1)

E~%V

Now
Generation requires a single go(2) evaluation
But

Need to make sure 96(2)does not collapse everything into one point
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Learning to sample

e Say our distribution p(x) is known up to a normalizing constant:

e We want to learn to sample from distribution p(z).

e First, we approximate p(z) with a distribution ¢(x) from which we have
a convenient way to sample.

e Note, that we will not define g(z) explicitly, instead we say we have a
sampler z ~ q(x), 2 = go(€), e ~ N(0,1).
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Learning to sample

e Minimize K L(q||p):
ming K L(q|p)

e Decompose it first:

KLl = [ gt %dx = [ gty q;(;)z Iz =

=/xq(:c) lnq(x)der/xq(l’) 1ﬂZd33—/CI($> In p(z)dz

x

=E;gInq(z) + EzgL(z) + In(2)
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Learning to sample

e Decompose it first:

KL(q|lp) = EongIng(z) + EpngL(z) + In(Z)

e Second term estimator (texure nets!)

EpqL(x) = ZL(QQ(@;)), e ~ N(0,1)

i=1
e A Monte Carlo estimation for entropy is based on nearest neighbours.
p X
Eyglng(z) = I z; In p; + const(X)
1=
where D is samples dimensionality, p; = min;x;||X; — X;l||, Xi = go(€;)

e Minimize K L(q||p):

DN N
ming N Z In p; + Z L(go(€;))
i=1 i=1
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Video stylization

. Process each frame independently
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Video stylization

. Use optical flow (OF)
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Video stylization

Stylized 1 A

(ra

10/14/16

Use optical flow (OF)

Framel —p OF(1,2)

‘«-----

ndom init)

Dmitry Ulyanov

“— Frame 2 —>

04------

Stylized 2
(init with OF applied to Stylized 1)

OF(2,3)

<+—  Frame3

*——————————

Stylized 3
init: apply OF to Stylized 2

Style transfer, neural doodles & texture synthesis




Video stylization

. Use optical flow (OF)
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Video stylization

Use optical flow (OF)
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DeepWarp

. Ganin, Kononenko, Sungatullina, Lempitsky, ECCV 2016
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DeepWarp
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The last slide

Thank youl!
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Related work

Feed-forward generator

* Generative Adversarial Networks (Goodfellowet. al., NIPS 2014): a neural

network aims to produce samples that are indistinguishable from real examples

Similar concurrent work

* Perceptual Losses for Real-Time Style Transfer and Super-Resolution, (Johnson
et.al., ECCV 2016): very similar approach fast stylization approach.

* Precomputed Real-Time Texture Synthesis with Markovian Generative
Adversarial Networks (Li & Wand, ECCV 2016): similar patch-based style transfer
acceleration approach.
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