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Objective Function
Objective Function ?
> GAN 2 YEIH QI Network®} CtE2H| £ X2t EH[IM Min / Max gameS Z| X3} SH=H| 5 X (objective)

> YEHO 2 Loss function2 THY EHS % X3} 57| Io ALEE|E B

Normal / Uniform

— . . N 2)
Objective Function = min max L(D,G) = Ex p,..c0 llog(D)] + E;-p, 2 [log(1 — D(G(2))]

Real-data Latent variable

Batch MEZ

Optimize objective function

= Discriminator= 1) 1} 2) 7} HE HX| & &5 TIASIC} (real data -> 1, fake data ->0)

> Generator = 1)2 AF2 & SIX| &1 2)7} A ZHOIX| £ & st5 S XIgsiCt.
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Optimize objective function

Objective Function = min max L(D,G) = E, _, [log(D)] + E,-p,(z[log(1 — D(G(2))]

data (%)

1) Fiexed generator G, maximal discriminator D
LD,6) = [ PaacaC10g(DCO) dx + [ p,(2)10g(1-D(6@))d2 = [ paaea) 108(DG)) + 1y () og(D()) dx

- @ = Paata(X),b = py(x) , 10g(D(x)) =y

alog(y) + blog(1 — y)2| maximum T'5}7|

a, b _ __b

23t T0 YEL
(x)

D*G(x): pdata

Pdata(X) + Py (%)
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Optimize objective function *%
p(x)
o . : Dy (P|lQ) = E,, [lo
Objective Function = min max L(D,G) = Ex b0 [log(D)] + E,p, () [log(1 — D(G(2))] ke (P|1Q Exp [log q(x )]
2) Fiexed discriminator D, Minimizing generator G D]S (P, Q)
L(D*,G) = Ex~pdata [log D¢ (x)] + Ex~p [log(1 - Dg(x))] = E DKL(P || —)
1 -I- Q
pdata( ) ] ( Pdaata > +—-D ( - =
=E,. lo + E,., [log|1— kL (Q [l )
¥~Pdata [ gPdata(x) + pg(x) Py & Pdaata + pg(x) ] 2
Pdata (X) ] pg (X)
=FE,. lo +E,., [lo
¥~Pdata [ I Pdata (X) + pg(x) * Pg[ gpdata(x) + pg(x)]
Pdata T P Pdata T P
= Dy, (Paata |l — a2 ) + DKL(pg”%) — 2log2
Pdata + D Pdata TP
= Dyt (Paata |==—5—) + Die (|l =) — 2log2

—log4

=2 * D]S(pdata: pg)
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Objective Function flip trick

Objective Function = mGjn max L(D,G) = Ex~Pdata(x) [log(D)] + Ez~p,(z)[log(1 — D(G(z))]

y =log(1 - D(G(2)) y = log(D(G(2))

——— Gradient 7| 27| & 0| 8¢t a5 EEl
min L(G) = E,-p,[log(1 ~ D(G(2))]

1

m;X L(G) = Ez~pz [log(D(G(Z))]
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Algorithm 1 Minibatch stochastic gradient descent training of generative adversarial nets. The number of
steps to apply to the discriminator, k. is a hyperparameter. We used & = 1, the least expensive option, in our
experiments.
for number of training iterations do
for k steps do

o Sample minibatch of m noise samples {z'V). ..., "™} from noise prior p,(2).
o Sample minibatch of m examples {z'"..... ""} from data generating distribution
Pdatal T ).

o Update the discriminator by ascending its stochastic gradient:

m

3 [0 e0) +vu -0 (e )

end for
o Sample minibatch of m noise samples {z'"/... .. z!"™} from noise prior p,(z).
o Update the generator by descending its stochastic gradient:

m

Vo, s (1-0 (6 ().
end for

The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum in our experiments.

Noise z sampling (minibatch)
Data x sampling(minibatch)
Discriminator updata

Nosie z sampling (minibatch)

Generator updata
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discriminative generative
p(xly = 0)

y=10 T
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