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Adversarial Objective
mci:n max (D, G) = Egnpy,llog D(z)] + Eznp, [log(l — D(G(2)))]

Min-max process
(vs. EM’s max-max process)
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Running example: MNIST
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*All objectives are negative of their original form Code adapted from: https://github.com/prcastro/pytorch-gan/tree/master



Running example: GAN Lab https://poloclub.github.io/ganlab/

Data Distribution Epoch
GAN Lab ol - V) ° O 001,130
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O i B Discriminator's Loss
gt N B Generator's Loss
: i 1.0
: ; 08 (A AN
i ! [
' ! 0.6
I i 04
Real @ ! Real : o
| 0
: - 0 1000 2000
/: gl::ﬂmmatov B KL Divergence (by grid)
¥ JS Divergence {by grid)
AT P ) 3
""«.‘ 2 :..', » |
SRS N
Noise r 1 G L
i Samples | loi?rmr
| |
| ‘ o . . - -
: : 0 500 1000 1500
i |
| |
i |
I\ ,' Each dot |s a 20 date sample: real samples; fake samples

Background colors of grid cells represent discriminator's classifications
Samples in green reglons are likely to be real; those in purple regions likely fake

Manifold reprosents generstors transformation results from noise space
Opacity encodes density: darkers purple means more semples in amoller sres

Pink lines from foke samples represent gradients for genecator.
# This sample needn 10 move uppes right 10 decresse generstors loss
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X encoder Z generator x> discriminator — real/fake



—1 H H — real or fake pair ?




CycleGAN, or there and back aGAN
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GANS

Gaussian Target distribution




CycleGAN

Horses Zebras




Disco GAN

https://arxiv.org/abs/1703.05192
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Dual GAN n ‘Q

https://arxiv.org/abs/1704.02510

ﬂ Reconstruction error
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(a) Cross-domain models (b) StarGAN

StarGAN

https://arxiv.org/abs/1711.09020

(a) Training the discriminator (b) Original-to-target domain (c) Target-to-original domain (d) Fooling the discriminator
| Depth-wise concatenation l
: : Original .
— [
| =)
BN e 1 ! }

(1), (2) J o (1)

s ~ } J

I ¢ ™
Domain Reconstructed Domain
‘ i — : Real / Fake Ao
Real / Fake classification [ Target domain Input image ] image / classification

Depth-wise concatenation




d-real
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Problems of GAN

Difficult to train/converge

(=) = %) w L= L
I i i I i

« Hard to achieve equilibrium

 Vanishing gradients

* Mode collapse

mode collapse
Step 0 Step 5k Step 10k Step 15k Step 20k Step 25k Target
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Which face Is real?



http://www.whichfaceisreal.com/index.php

Which face Is real?



http://www.whichfaceisreal.com/index.php

Mode Collapse

https://arxiv.org/pdf/1701.07875.pdf



fE A7 (Mode Collapse)
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Wasserstein
GAN



W-GAN in Short

« \Wasserstein distance, instead of JS divergence

For engineers:
* remove logarithms
 clip weights

For laymen:
e artcritic, instead of forgery expert

www.reddit.com/r/Machinel earning/comments/5gxoaz/comment/dd7aomb/



http://www.reddit.com/r/MachineLearning/comments/5qxoaz/comment/dd7aomb/

Recap: GAN optimizes for D

L(D*,G) = 2D j5s(paatal|pg) — 210g 2

”pg N
e

pdata

> D> Dys( b [|-40.)




Problems of D¢

If pand gdon’t overlap, Djs Is a constant (log2), 1.e., no gradient

D s = 0.337 D s = 0.633 D ;s = 0.693
—i — 1 =
B c=10 | : =02




Problems of D¢

Why it is common pand gdon’t overlap?



Problems of D¢

If pand gdon’t overlap, Djs Is a constant (log2), 1.e., no gradient

ll

D s = 0.693 | ‘DJS = O.W693 Djg = 02693
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Problems of D¢

D jg versus /Ay

Djs Is useful only if pand gare close

D -




Problems of D s » Djysis a delta function when pand g

are delta functions
D jg versus /Ay

D s = 0.693

A |

~1.0 0.5 0.0 0.5 1.0
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PrObIemS Of DJS * Djsis adelta function when pand g
are delta functions

D jg versus /Ay

Can we have a

measure like this?
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Wasserstein Distance

“Earth Mover’s Distance”
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Running example: Wasserstein Distance
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Running example: Wasserstein Distance
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Running example: Wasserstein Distance
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Running example: Wasserstein Distance

2 shovelfuls

:

PP, Py P




Running example: Wasserstein Distance

1 shovelful

“h

PP, Py P




Running example: Wasserstein Distance

W(P,Q)=5x8

]

“h

PP, Py P




Running example: Wasserstein Distance

JPl PZ PE 'Pfi Q 1 Q’)J QB Q-i



Running example: Wasserstein Distance

Pl Pz P:ﬁ P{ Cdfp Cde Ql Qz Q3 Q-i

e cdf: cumulative distribution function



Running example: Wasserstein Distance

P F, Py P @, @ @ €

cdfp Y fedfp(i) — cdfq ()] cdfg

W(P,Q)=5xH8



W@s@s‘i@”b@alrﬁ:@(?g discrete)
l:-norm WP, Q) = Z|cdfp — cdf g (4)]

« 1-Wasserstein Distance (1-d, contlnuous)

1(p, q) / cdf,(z) — cdf,(z)|dz
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Recap: D g

D jg versus /Ay

Djs Is a delta function when pand g
are delta functions

Can we have a
measure like this?
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Wasserstein Distance .

when pand gare delta functions:
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Xq A “moving plan” IS a matrix

The value of the element is the
amount of earth from one
position to another.

Average distance of a plan y:
B(y) = Z ¥ (%0, %) || 60 — 4|
XpXq
Earth Mover’s Distance:
=minB
W(P, Q) =minB ()

moving plan y The best plan
All possible plan I1



WP%@S@%@L%QA&@(H&%W continuous)

Wi(p, q inf E eyl —
1(p,q) = 75& “(z,y) 1 y|]

p,q)

« all joint distributions y(x, y) /\/p\
whose marginals are pand g .

vvvvvvvvv

—————————————




W-GAN optimizes for Wasserstein Distance

Wi(p,q) = inf Eg)es(lz —yl]

vEIl(p,q)
Mo

pdata

P> net Wi( b || -40)




W-GAN optimizes for Wasserstein Distance

 Kantorovich-Rubinstein duality:

Wi(p,q) = sup Egop|f(z)] — Eznglf (T
(p,9) @ f(z)] f(z)]

 all 1-Lipschitz
functions




W-GAN optimizes for Wasserstein Distance

 Kantorovich-Rubinstein duality:

Wi(p,q) = sup Epp|f(z)] — Egngl|f(z
(p, q) @ f(z)] f(z)]

 all 1-Lipschitz
functions

K-Lipschitz continuity:
[f(z) = f(y)| < Klz—y|, Va,y

gradient Is bounded:

1@~ fW) V%

c— ~ 7\
- / \
| -/I; y | },/' f \‘. -1.5
ll/ .“1
/ \
/ \




W-GAN optimizes for Wasserstein Distance

« Kantorovich-Rubinstein duality:

W : ]ExN — Egznglf
1(p, q "ﬁLfTﬁK olf Jf ()]

K-Lipschitz continuity:
[f(z) — f(y)| < K|z —yl, Vaz,y



W-GAN optimizes for Wasserstein Distance

* W-GAN’s objective function:
maxX Eznpy, [fur(2)] = Eonp, [fur ()]

weW
o

Pdata

> f Wi( b || -A)




W-GAN optimizes for Wasserstein Distance

* W-GAN’s objective function:
s B} fu (:c)]/ o] @%
M-

e
@

> f Wi( b || -A)




W-GAN optimizes for Wasserstein Distance

* W-GAN’s objective function:
wl;x’“pdt Lfw(T)] — 4:cfvzog[fw( z)]
welghts are bounded: in practice, clipped [-0.01, 0.01]
”pg -
A\ ../

Pdata

P> iy Wi( b || M)




Wal AN ¥ReRrigingl GAN

g5 D)5 )
» clip weights  rentove logarithms

* original GAN’s objective function (D-step):

?@Emwpdat@‘l_ Eznp, @@]




W-GAN vs. original GAN . e

 value/merit/quality/...

* W-GAN’s objective function: « direction to improve (gradients)
wew Emdiata@ )| = Eanp, [ fuo (@),

« original GAN’s objective function (D-step):

% Eq vy, 0 D42)] + Eanp, log(1 — D(a))]

“forgery expert”
* real/fake



Algorithm 1 WGAN, our proposed algorithm. All experiments in the paper used =
the default values o« = 0.00005., ¢ = 0.01, m = 64. Neitic = D. W—GA N al g O r I th I I l an n Otated

Require: : o, the learning rate. ¢, the clipping parameter. m, the batch size.
Neritics the number of iterations of the eritic per generator iteration.
Require: : wy, initial critic parameters. @y, initial generator’s parameters.

1: while # has not converged do

2 for t =0, ..., Negitic do

3 Sample {x'")}™, ~ P, a batch from the real data.

1 Sample {27}, ~ p(z) a batch of prior samples. remove |Ogal’lthm8
5: Gu — Vn.' [ylu Zill .f‘rl'(4[7(i)) = ,l,, :“21 fu'(!]f)(s(l)))]

6: W W+ o - R.\ISFW.Q,,.) =

T w + clip(w, —e¢, ¢) . .

. end for ———=— ClIp Weights

9: Sample {z'"}" | ~ p(z) a batch of prior samples.

10: gy — —V(/,]T e fuwl(ge(z)

11: 0 + 0 — a - RMSProp(0, gs)
12: end while

M -

0 > fw Wi ()

P;

pdata
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[Martin Arjovsky, et al., arXiv, 2017]

WGAN

Evaluate wasserstein distance between P 4,:, and P

V(G, D) " g
= M {E e [P = Erepg [P()]]

D€ 1-Lipschitz
D has to be smooth enough.

Without the constraint, the
training of D will not converge.

generated

Keeping the D smooth forces
D(x) become « and —oo



WEight C|IDDIng [Martin Arjovsky, et al., arXiv, 2017]
Force the parameters w between c and -c After

WGAN parameter update, if w > ¢, w = C;

Ifw<-c,w=-C
Evaluate wasserstein distance between P4,:, and P

V(G, D) L 8-

= max D(x\1 — D(x
pe X AE Py [P = Expg [P}

D has to be smooth enough.  How to fulfill this
constraint?

Lipschitz Function 1-Lipschitz?

1f(x) = fF ()l < K lxa —x2 ||
Output Input . T B
change change 1-Lipschitz?

K=1 for "1 — Lipschitz" : /\/

Do not change fast \/
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-0.2} NGAN _— Vanishing gradients
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Improved WGAN (WGAN-GP)

vV (G, D)

= MaX D(x\1 —
DEI—LipSChitZ{Ex~Pdata[ ( )] EX"PG [D(X)]}

A differentiable function is 1-Lipschitz if and only if it has
gradients with norm less than or equal to 1 everywhere.

D € 1- Lipschitz <y ||V,D(x)|| <1 forall x

V (G, D) = MaX{Ey-p g, [DOO]~ Espy [D()]

—AfemaxtO D Eot—
Prefer ||V, D(x)|| <1 for all x ‘
“AEx-p, e, [Mmax(0, 7D = 1)1}

Prefer ||V, D(x)|| < 1 for x sampling from x~Ppenaity



Improved WGAN (WGAN-GP)

V(G. D) = MaX{Ex-pyyy, [D@)]~ Ex-p, [D(0)]
ABxpyar, [Mmax (0, IZDC)I - 1)1}

penalty

Paata Pq

Ppenalty

“Given that enforcing the Lipschitz constraint everywhere Is
Intractable, enforcing it only along these straight lines seems
sufficient and experimentally results in good performance.”

Only give gradient constraint to the region between P ;,:, and Pg
because they influence how P; moves to P44



Improved WGAN (WGAN-GP)

VG, ) =max{Ex-py, [DO)] = Exp, [D@)]

b “RE,p, . MO TR CO 1)
(”VxD(x)” —1 )2

Largest gradient in
D (x)t this region (=1) D(x) ‘

“Simply penalizing overly large gradients
also works in theory, but experimentally
we found that this approach converged
faster and to better optima.”



Spectrum Norm

Spectral Normalization — Keep
gradient norm smaller than 1
everywhere [Miyato, et al., ICLR, 2018]

1flluip <|[(hr = WE R D) ||Lip - lan||uip « [(BL—1 = W RL_1)|Lip
L+1 L+1

a1 ||Lip - || (Ro = Who)||Lip = H [(hi—1 = W'hi_1)||Lip = H a(WH).
I=1



W-GAN in Short

« \Wasserstein distance, instead of JS divergence

For engineers:

* remove logarithms  \\jasserstein distance
 clip weights
— Lipschitz continuity

For laymen:
* artcritic instead of a forgery expert

— —

—  gradients

www.reddit.com/r/Machinel earning/comments/5gxoaz/comment/dd7aomb/



http://www.reddit.com/r/MachineLearning/comments/5qxoaz/comment/dd7aomb/

Biigh 4 SGANAEBGAN
Egnpaa (D( ’

z) — b) T ]ESBNPQ(D(CE) — a)2

* Energy-based (EB) GAN:
Eznpua D() + Egup,[m — D(z)]*



[Junbo Zhao, et al., arXiv, 2016]

Energy-based GAN (EBGAN)

 Using an autoencoder as discriminator D
» Using the negative reconstruction error of
auto-encoder to determine the goodness
» Benefit: The auto-encoder can be pre-train
by real images without generator.

Discriminator

- -0.1

| EN =% DE -

Autoencoder 0 for the
best Images



EBGAN

Auto-encoder based discriminator only
gives limited region large value.

0 iis for gen real gen
—-000-0—— - - —0-000-0——
the best.

Do not have to
be very negative

<

Hard to reconstruct, easy to destroy



Loss-sensitive GAN (LSGAN)




AEQHe?ag\fg‘ Nd%ersarial Networks (GAN)

» Adversary as a Loss Function

» Wasserstein GAN (W-GAN)
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