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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 i steps do  Z ) xEHHIFI2E

e Sample minibatch of 712 noise samples {z(1), ..., z(M)} from noise prior py(2).
e Sample minibatch of m examples {1, ... x m)} from data generating distribution
pdat.l( )

e Update the discriminator by ascending its stochastic gradient:

V0,23 [ioxD (+0) 102 (1 - b (c: (=)))]

i=1

e Sample minibatch of 1 noise samples {z'"), ..., -z} from noise prior py(2).
e Update the generator by descending its stochastic gradient:

i=1 FEF RS

end for
The gradient-based updates can use any standard gradient-based learning rule. We used momen-
tum in our experiments.
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\ Wasserstein GAN

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

Require: : «, the learning rate. ¢, the clipping parameter. m, the batch size.
Neritic; the number of iterations of the critic per generator iteration.
Require: : wy, initial critic parameters. fy, 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 {2}, ~ p(z) a batch of prior samples.
o Guw < Vu [% 2111 fw(fﬂ(a)) - i 2111 ftU(gﬁ(Zm))]
6:
T
&
9

w — w + a - RMSProp(w, g,,)
w ¢ clip(w, —¢, ¢)
end for
Sample {2V} ~ p(z) a batch of prior samples.
10: go ¢ Vo >iey ful(ge(2?))
11: 6 <+ 0 —a - RMSProp(6. gs)
12: end while




\ Wasserstein GAN

?+E<I‘
W

. ¥R FmE {9 WassersteintE B 5 4 28894
ﬂ‘ﬁ?&

&
IRl It
T3
\:l
HHI

: .
— MLP_512
3.0 }
% 25} :
E ! , :
g 1 5 . |
= i . J-ﬁ
. _
w15 o
Q
b
(18]
= 10} A
0.5} X
00 1 1 1 1 1
0 100000 200000 300000 400000 500000 600000

Generator iterations




\ Wasserstein GAN

= WGANZKWMERZ|collapse mode




'EBGAN

EHIBIBIE—MER RS, RAIEMERE SR
BB BHEBBACNEMIRE

@ +
o e
®—




'EBGAN

= FlAIRK Lp(x,z) = D(x)+[m—D(G(z))]T
= ERIRK Lo(z) = D(G(2)
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Thanks!

Questions?
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