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What is GAN ?

A min-max game between two components:
generator G and discriminator D
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mci;n max V(D,G) = Egnpy(w) l0g D()] + Eznp, (2)[log(l — D(G(2)))]

There is two loss function for training generator:
E,.-_,p!'_ E]ug‘{ 1 — D(x) )] (1)

El.ﬂdpg [— lU{l D‘I )] (2)
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What iIs

the result of training ?

(For loss function 1)

E..p,|log(l — D(x))]

Pdata (m)

Dg(x) =

pdata( ) +pg ((D)

C(G) =maxV(G, D)

D

:Emdi m[‘ og DG(-’D)] -+ Ezrvp [108(1 — D& (G( )))]
=Ez~pee 108 D ()] + Exnp, [log(1l — Dg(z))]
i Pdata w) pg(il? ]
:Em,\, data lo + ]Emm lo
Pus | Poaa (@) + py (@ ] " [ ® Paaa(®) + (@
ata T ata +
= —log(4) + KL (pdata pdt2 pg) + KL (pg B ta2 pg)

= —log(4) + 2 - JSD (pgata ||pg)



What is the result of training ?
(For loss function 1)

E..p,|log(l — D(x))]
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ata T
— —10g(4) + KL (pdata Daa 9 pg) + KL (pg

— — log(4) +2-JSD (pdata ||pg)

Pdata T Pg
2



Problem

— — Pr and Pg are usually low-dimension manifold in high-
dimension space. ==>

— — The measure of the overlapping portion of support set
of Prand Pgis 0. ==>

— — JSD(Pr||Pg) = log2, which is a constant. ==>
— — So gradient would be 0.

Finally, the gradient will vanish if discriminator is well-
trained and the gradient is unstable if discriminator is
not well-trained.



What is the result of training ?
(For loss function 2)

E,.p,|—log D(x)]
N Pdata (m)
Da(x) =
G( ) pdata(m) +p9(m)

E;p. [logD*(x)] + E,p,|log(l — D*(x))] = 2JS(F,||F,) — 2]og 2

KL(F||F) = E,p,|log P: &1
B - Py(x)/(P.(x) + Py(x))
= _tl--.,;t,‘[l(_»g — — — ]
g FP.x)/(P\x) + F,x))
1 — D'[.r)]
D=(x)

= E;.p, log|l — D*(z)] — E;.p, log D*(x)
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= KL(Fy||P) — 2JS(P. || Fy) + 2log 2 4+ E,.p. [log D*(x)]



What is the result of training ?
(For loss function 2)
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E_l.__dp‘; [— ]UQ ].)'l x )J — ]\’L| ])UHI)- ) - E_z._wn; IU,‘_‘\[I — Dr | x )]
= KL(F||P.) — 2JS(F. ||Py) + 21log2 + E;..p. [log D* ()]



Problem

— — We are going to minimize KL divergence and
maximize JS divergence at the same time

==> Gradient is unstable.

— — KL divergence is not symmetric.

==> Mode collapse.



Conclusion

e 1. Pr and Pg share negligibly same support set.

==>Add Noise.

e 2.KL-divergence and JS-divergence are not suitable in this problem
for training.

==>Wasserstein metric.



Wasserstein metric

Earth Mover Distance

W(P,.,P,) = inf E.,~~||T—
(Pr, Py) ETI(E, P,) (z,y) '7[” yH]
W (P, Py) = |6,
flog2  if6#£0,
']S(PO)PO)—{O 1f9=0,
K L(Py|[Po) = KL(Po|[By) = {+°° 070,
0 if0=0,
D
1 040,
andé(P“’P")z{o ;foio.
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Wasserstein metric

W (P, P,)= inf E. - -
( g) 7enl(%,.,Pg) (z,y) '7[ |z — 9| ]
By Kantorovich-Rubinstein duality
1
W(Pra Pq) — =~ Sup IEINP;- [f((l?)] - IE:lery [f(il?)]

Ifllp=K

K-W(P, )~ max B, |fu(@)] - Esr, [fule)
w: | fwlp <

Discriminator Loss: Esp, [fu(x)] — Ezup, [fu(z)]
Generator Loss: —Eonp, [fu()]
Discriminator Gradients: V., [ > i1 fu (I{J(i)) - iy fw(ge(2))]

Generator Gradients: VoW (P, Pg) = —E,(»)[Vof(g0(2))]



WGAN Training

Algorithm 1 WGAN, our proposed algorithm. All experiments in the paper used
the default values a = 0.00005, ¢ = 0.01, m = 64, N¢ritic = O.

Require: : «, the learning rate. ¢, the clipping parameter. m, the batch size.
Neritics the number of iterations of the critic per generator iteration.
Require: : wy, initial critic parameters. 6y, initial generator’s parameters.
1: while 6 has not converged do

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

3: Sample {z(!}™, ~ P, a batch from the real data.
4: Sample {2V} ~ p(2) a batch of prior samples.
o: Juw Vo [% D e fu(z®) — «,Ln D i fw(QG(Z(i)))]
6: w + w + a - RMSProp(w, g)

7: w « clip(w, —c¢, c)

8: end for

9:  Sample {z(¥}™, ~ p(z) a batch of prior samples.

10: gy —Ve% Z:il fw(ge(z(i)))
11: 6 + 6 — a - RMSProp(6, gg)
12: end while




Result
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WGAN Critic would keep linear gradients almost everywhere.
No Gradient vanishing problem.



Wasserstein estimate

Result
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Wasserstein metrics is a good metric for this problem.
The less value, the better image.
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Result
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WGAN with DCGAN generator GAN with DCGAN generator

WGAN with MLP generator GAN with MLP generator
WGAN is more robust.



THANKS!



