Generative Adversarial Networks
Presented by Yi Zhang



Deep Generative Models

——
N
1002 Hco‘ =
peennee <

Project and reshape

Variational Auto-Encoders
GANs




Unreasonable Effectiveness of GANs




GANSs

minmax E.p,,[f(D(@))] + Ex[f(1 — D(G(R)))].
e f(x) = log(x) for ordinary GANs

Discriminator Idea 1: deep nets are good at recognizing

A/ \ tries to distinguish genuine images, then let it judge of the outputs of a

data from fake ones generative model

Idea 2: If a good discriminator net has been
trained, use it to provide “gradient feedback”
that improves the generative model.

(Xreal data) [ Xfake

LG_/ — Generator

turns noise into imitations | 1dea 3: Turn the training of the generative
of data, trying to fool the model into a game of many moves or

7 (noise) Discriminator alternations.




GANSs

Traininga GAN ——— playing a two-player game:
Discriminator
min max F(6, ¢)
) ¢

(-X'r'eal (data)] [ Xfa,ke

where F'(-,-) is the payoff function:
Generator
F(0,9) = Exnp,ou[f(Dg(2))] + Ezan[f (1 — Dy (Go(2)))]

where # and ¢ are the parameters of the generators and discriminators.



Some open questions

1. Does an equilibrium exist?
Pure equilibrium may not exist in general.
i.e, the rock/paper/scissor game

2. Suppose the equilibrium exists.

Does the generator win at the equilibrium?
It seems to be the case in practice, with various training techniques.

3. Suppose the generator wins.
What does this say about whether or not generator’s distribution is close to
the real distribution?

Most GANS’ research focus on this area.
i.e design objective functions.



Obijective functions of GANs

Original GANs  f(x) = log(x)

minmax E,.p,,,[f(D(x))] + Bilf(1 - DG(H)))]

The optimal Discriminatoris ~ D(2) = Preai(€) /(Prear () + Pl () ):

Then the objective function becomes the Jenson-Shannon Divergence!

JSDIP||Q] = JSD[P||Q] = _KL[ HP+Q]

+ e lo] =57



Obijective functions of GANs
Original loss function f(x) = log(x)

Consider a generalized family of JSD

JS:[P||Q] = 7 - KL[P||zP + (1 — n)Q] + (1 — m)KL[Q||=zP + (1 — n)Q].
(Pi = 0.5 recovers the ordinary JSD)

A: P B: argming JSo.1[P||Q] C:argming JSo5[P||Q] D: arg ming JSp.99[P||Q]




Obijective functions of GANs

Wasserstein GANs  f(x) = x

[f(D(z))] + En[f(1 — D(G(h)))].

minmax E;.p_
G D

Wasserstein Distance: W (P||Q) = sup E [D(rx:)]— IE [D x)]

ID||p<12~F

the amount of probability mass that must be transported from P to Q



Obijective functions of GANs

Wasserstein GANSs Jx) =x
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Obijective functions of GANs

Wasserstein GANs  f(x) = x

[f(D(z))] + En[f(1 — D(G(h)))].

minmax E;.p_
G D

Wasserstein Distance: W (P||Q) = sup E [D(rx:)]— IE [D x)]

ID||p<12~F

the amount of probability mass must be transported from P to Q



However...JSD and Wasserstein Distance don’t
generalize !l

Theorem 3.1. Let i, v be uniform Gaussian distributions
N (0, éf ). Suppose [i, U are empirical versions of i, v with
m samples. Then when logm < d, we have with high
probability

dJS(tU“: v) = 0,ds(i, j!’)) = log 2.
dw (u,v) = 0,dw (2, 2) > 1.1.
Further, let [i, U be the convolution of [i, U with a Gaussian

distribution N (0, —"(}—21 ), as long as 0 < —z5— for small
gm
enough constant c, we have with high probability

dys(jii, ) > log2 —1/m.



However...JSD and Wasserstein Distance don’t
generalize !

The training objective should not be interpreted as
minimizing these two distances between distributions !



Neural-Network Divergence

dyn(P||Q) = sup E,.p[D(x)] — E;INQ[D(fIJ)]
DeNN

where NN is a class of (small) neural networks.

If the class NN is small, then we have generalization guarantee:

Suppose n is the number of parameters of the discriminator D, m is the number of samples in
P and Q. If m > Cnlog(n)/e*, then

ldvn (P||Q) — dun(P||Q)| < e

with high probability.



But here is the bad news....

Suppose n is the number of parameters of the discriminator D, m is the number of samples in
P and Q. If m > Cnlog(n)/e?, then

ldvn(P||Q) — dun(P||Q)| < e

with high probability.

Cnlog(n)/e* is usually small compared to the of modes of real-life data distribution,
i.e. # of faces

The generator can fool the discriminator by memorizing a small number of images.



But here is the bad news....

Cnlog(n)/e* is usually small compared to the of modes of real-life data distribution,
i.e. # of faces

The generator can fool the discriminator by memorizing a small number of images.

B B
HE B
FIE EARY
B BB

evidence of lack of diversity




Equilibrium in GANs

GAN is a two-player game with the following payoff function

Fuv)=_ E [f(D@)+,E [f1-Du(Gulh)].

where u, v are the parameters of the generator G and the discriminator D.

Equilibrium may not exist, for pure strategies!!!
(rock/paper/scissors)



Equilibrium in GANs

Equilibrium may not exist for pure strategies!!!
(rock/paper/scissors)

Step 0 Step 5k Step 10k Step 15k Step 20k Step 25k



Equilibrium in GANs

Equilibrium may not exist for pure strategies!!!
(rock/paper/scissors)

[von Neumann’s Min-Max Theorem]

There exists an equilibrium, if players are allowed to play
mixed-strategies.

l.e. infinite mixture of generators
infinite mixture of discriminators




Equilibrium in GANs

Then the equilibrium exists.
But does the (infinite mixture of) generator(s) win the game at it?

Yes!!!!

Infinite mixture of generators

True Gaussian distributio

Each generator is responsible for generating a single image

and in real life.....
eps-approximate if we use a mixture of size O(n log(n) / eps”2)



Conclusion

Distinguish between JSD/Wasserstein Distance and Neural-Net Divergence
Neural-Net Divergence ensures generalization, but doesn’t encourage
diversity

Pure equilibrium may not exist; we need to allow mixed strategies

Then the equilibrium exists, and the generators win the game

In practice, we can approximate the equilibrium using a finite mixture



