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Introduction

* The system is an editing tool that allows realistic manipulation of photos in
real-time.

* It is a data driven approach to edit image, including

Al

— changing the shape and color
- transformlng one image to another Generative Visual Manipulation on the

— generating a new image from scratch Natural Image Manifold

* Application: online shopping scenario, image manipulation

Interactive GAN

Realistic image manipulation is challenging
difying the imag

ause it requires
ance 1IN a use
S g result. Un has considerable
artistic skill, it is easy to “fall off” the manifold of natural images while

rolled way, while

editing. In this paper, we propose to learn the natural image manifold
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GAN

* Train lots of images belongs to the same class on GAN
* A GAN model consists of two networks

— Generatlve mOdeI (G) D tries to D tries to A
. . . . output1 if x out.putO if X D _— tive
—_ Dlscnmlnatlve model (D) is real is fake ISCrimina
model
Differential
function D
Y
g 7 Il = 79 4
A
Differential
function G
: : Generative
« Z denotes a d-dimensional latent space model

* zis arandom vector, where z€Z Input noise z Y
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GAN

8 Generative model (G):
1. Goal : captures the real data distribution and produces a fake image that looks real

| Dthinks G(z)isreal | D thinks G(z) is fake

2
3. Output: a generated image G(z) Objective
4. Objective: min{log(1 — D(G(2)))} value

Input : a random vector z
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GAN

8 Discriminative model (D)

R

Goal : distinguishes between a real image x™ or a fake image G (2)

2. Input: areal image x® or a fake image G (2)
3. Output : a probability whether the image is real or fake
4. Objective: max{log(D (x®)) +log(1 — D(G(2)))}
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Learning natural image manifold

8 Obtain a generative network G and a discriminative network D

* Assume all natural images lie on low dimension real image manifold M with
distance function S(x¢, x,), where x{,x, € M

* Define approximated image manifild M = {G(z)| z € 7}

1_} Generative &
Code networks
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Learning natural image manifold

* View GAN as a manifold approximation, because GAN produces high quality samples.
* A well-trained GAN should not memorize the training data.
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(@) Randomly generated samples from a GAN, (b) The difference between generated image and real images shows
trained on shirts dataset. that GAN does not memorize the real image
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Learning natural image manifold

8 View GAN as a manifold approximation, because the Euclidean distance in
the Z corresponds to perceptual similarity
* Therefore, we approximate S(G(z,),G(z;)) = ||z; — z,||?

|

Generative
network

Fix z; and z4 and interpolate z, to zg5 in between.
The generated images show perceptual similarity.




Learning natural image manifold

Generative Image
Transformation

{S8% % ZUE= gﬁ BEE
s lIntelligent System Lab



Approach

rr LY.

(a) original photo (e) different degree of image manipulation

Project ‘ Edit Transfer
(c) Editing UI/\

ll‘l

Real image manifold M

Approximated image »
manifild M

=

(b) projection on manifold (d) smooth transition between the original and edited projection




Projecting an real image onto

approximated manifold

s A real photo x® is projected to approximated manifold M ‘

* Find a generated image x* € M close to x* (ay SrginAT S

PrOJect

o v* — R _ R
x*=arg nél&llll(x x") 2 z"=arg rzne%lL(G(z) x™)

 Lis a distance metric ’

ﬂ H (b) projection on manifold
’ / xR x* -
& >

-,.! | Generative o]
| networks -
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Real image manifold M Approximated image manifild M
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Projecting an real image onto
approximated manifold

s L is a distance metric, defined as L(x{,x,) = ||C(x1) — C(x,)]|?
* C is a feature extractor, which is the weighted combination

of raw pixels and conv4 features from AlexNet trained on ImageNet
e z* =argminL(G(2),x®) > z* = arg mEi%IIC(G(Z) ) —C(x®)||?
Z

ZEL
* Too difficult to optimize C(G(z) ) in real time via random initialization of z
G(z%)

\

G ( Zrand )

(a) original photo

Project ‘

(b) projection on manifold




Projecting an real image onto
approximated manifold

8 Instead of random initialization, predict the z
* Train a feed forward neural network P and predict z from a x&.

0, = argrrbipn Yn L(G(P(x,", 0,)), x%), where x,,® denotes the n-the image in

the dataset
* Fix G throughout the training
* The network architecture of P is equivalent to D

Predictive ' R e
xR oA Generative N G (zPredicty . metric £
network network




Projecting an real image onto
approximated manifold

s The system optimizes z* = arg mEi%IIC(G(Z) ) — C(x®)||? starting from zPredict
Z

Es . G(z")

AN
\ G(Zpredict)

starting from z7%"¢

starting from zPTedict




Manipulating the latent vector

s After the previous step, a real image x, & is projected onto M as xXo = G(zp)
* Update xgy by matching the user intention and stay on the manifold close to x
* An edit operation is formulated as a constraint fg (x) = Vg (c) Editing Ul/

» If g=color, we constrain pixel p to the selected color v,




Manipulating the latent vector

s After the previous step, a real image x, & is projected onto M as xXo = G(zp)
* Update xgy by matching the user intention and stay on the manifold close to x

* An edit operation is formulated as a constraint f; (x) = v, (c) Editing U

4

» If g=sketch, we constrain pixel p close to v, = HOG(stroke),, |

» If g=color, we constrain pixel p to the selected color v,




Manipulating the latent vector

Ris projected onto M as x, = G(zp)

8 After the previous step, a real image x|
* Update xgy by matching the user intention and stay on the manifold close to x

* An edit operation is formulated as a constraint fg (x) = Vg (c) Editing Ul/‘

7

» If g=color, we constrain pixel p to the selected color v,

» If g=sketch, we constrain pixel p close to v, = HOG(stroke),,

* Goal x™ = arggcréimr& {Zg”fg(x) — Ug“z + A58 (x, xo)}

 On M, the goal becomes z* = argrznei%l {Zg”fg(G (Z)) — vg”z + Asllz — Zo||2}




Gradient descent update

® Solve z* = argglei%l {Zg”fg (G(z)) — vg”2 + A ||z — zOIIZ} using gradient descent

User constraint v, at different update step

Update images according to user’s edit
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Gradient descent update

sOnce the system obtain the final result G(z;), the user can see the interpolation
sequence between zy and z4

G ((1 — %) Zo + %zl) is the interpolation sequence

g
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G(z1)
t=1 t=2 t=3 t=4 t=5 t=6 t=7

Result of N =7




Gradient descent update

User constraint v, at different update step

Update images according to user’s edit
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Gradient descent update

User edits Generated images User edits Generated images User edits Generated images




Edit transfer

s Given G(z,), G(z1) and interpolation results, the system will project them back to M
e A straightforward way x; % = xR + (G(z) — G(2p))
* Due to the misalignment, the straightforward way does not produce good result

e Use the motion and color flow method




Edit transfer

bse the motion and color flow method

[ 1@y, )= A-Kaotu,yv, 4+ DIP+ 0o (1Vul*+ [ 90l12) + 0. || VA Pdedy

data term spatial reg color reg

* [(x,y,t) is the RGB value of pixel (x, y) in the generated image G ((1 — £) Zy + %Zl)

N
* (u,v) is the flow vector w.r.t the change of t and A is a 3x4 color affine transformation
matrix

G(2) G(21)




Edit transfer

* The system estimates the color and shape changes between nearby frames.
* Apply those changes to the original photo and produce a transition sequence of images.

_G(z) G(z)
G (z) sequence ‘ ‘ ‘ ‘ ‘ ‘ ' "
Approximated image N R
mamﬁldM Flow field p 2 m
- - .

Color difference
x3
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User Edits

'y

User Edits

1’

Edit transfer

G(zp) Linear interpolation between G(z,) and G(z,)
Original Edit transfer sequence on the original photo
G(zy) Linear interpolation between G(z,) and G(z,)
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Original

Edit transfer sequence on the original photo

Result
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