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Generative Adversarial Networks (NIPS 2014)
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Generative Model
Discriminative Generative
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(produce)
mmmmmm) An image that does not exist but is likely to exist

» A statistical model of the joint probability distribution

* An architecture to generate new data instances
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Generative Adversarial Networks (GAN)

- M’ dxH(generator)2} THHX}(discriminator) & 12| HIER3

£ DR
- Ct22| =X g (objective function)E &3l M-dXH= O[0|X| EXE ot&d += US

a—1 7

m(ljn mlglx V(D, G) — Ex"pdata(x) [lOQD(X)] + EZ~pZ(Z) [lOg(l o D(G(Z)))]

| Generator | G(z): new data instance

| Discriminator | D(x) = Probability: a sample came from the real distribution (Real:1 ~ Fake: 0)

1m i
| z || Generator > Fakeimage — 70,5208 (1 -2 (6(29))

(Latent vector) —>| Discriminator |—>LOSS
| Real Image I— < r_

Ve, %Z[logD(xi) + 10%(1 - b (G(Zi)))]
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* Ex~pdata(x) [logD(x)

- 2/ 0|0|E 2X(data distribution)H|AM 2| ME xE &0t logD (x)2| 2|SHZL A4t

° Ez~pz(z) [log(1 — D(G(Z)))]

+ 0| R2RO|MC| ME 25 EOtlog(1 — D(G(2)))2l 7|54zt ALt
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GAN2| £ 24

« SAIO| 2 H(Goal of Formulation)

« Pg— Pdata,D(G(z)) — 1/2 (G(z) is not distinguishable by D)

N N 4
AVERYAN O T N T W 2= CjojEel £
AN AT gL 4y Yo
7/ Y/ N/ ==
(a) (b) (c) (d)
. [How can the formulation lead Pg converge to Pdata?] :I original data instance |
L’l key of proof | - new data instance |




3Y: Global Optimality @

Paata(X)
Paata(Xx) + Pg (x)

Proposition: D;(x) =
Proof: For G fixed,

V(G: D) =Ey ~Pdata(X) [logD (x)] + Ez~pz(z) [log(l - D(G(Z)))]

E[X] = jooxf(x)dx

= deam(x) log(D(x)) dx + fpz(z) log(1 — D(g(2)))dz <+—

~ [ Paatal) 10g(D () + py() 0g(1 ~ DC)) dx

a
\{ [function y = alog(y) + blog(1 — y) achieves its maximum in [0,1] at —— ]
3 B T ‘ 1 f i ‘ |

\ | SV (G, D)

same as optimal control. 5D [D*(x)] =0




3Y: Global Optimality @

Proposition: Global optimum point is Py = Pgata

Proof:
C(G) = max V(G,D) = Exp,,,,c0llogD* ()] + E;-p_()[log(1 — D*(G(z)))] e
DE(X) _ data

_E [log Paa®) | p [log Pg() e R

d *Paatal |7 paa () + pg()| PO T paara () + pg(x)

[ when g = Paata } I KL(pdata”pg) = joo Pdata (x) log <p;até§;)> dx

=\FE [log 2 * Pdata() + E [log ‘£ pg(x) log(4) = B g

et [T b 1) + pg(0] T PIY [T pyaa () + pg(x)

Pdata (X); PeC)y | ki (1 P2 (X); Pl 1og(4) <

= KL (pdatal |

=2 *]SD(pdata”pg) — log(4) <
1 p+q. 1 p+tq
JSD(pllq) = EKL(PHT) +§KL(Q||T)
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for the number of training iterations do
for k steps do
Sample minibatch of m noise samples {z(®, ..., 2™} from noise prior p,(z).
Sample minibatch of m examples {x™, ..., x™} from data generating distribution pg4¢4 (X).
Update the discriminator by ascending its stochastic gradient:

ngi ™ [logD(x') + log (1 —D (G(zi)))].
end for
Sample minibatch of m noise samples {z™3), ..., z(™?} from noise prior p,(2).
Update the generator by descending its stochastic gradient:

Vo, — 24 log (1 -D (G(zi))).
end for

The gradient-based updates can use any standard gradient-based learning rule. They used momentum.
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Visualization of Experiment

* Not cherry-picked
* Not memorized the training set
« Competitive with the better generative models

« Images represent sharp

Fig. Visualization of samples from the model
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Fig. Digits obtained by linearly interpolating between coordinates in z space of the model




