GAN: Generative Adversarial Nets
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“Adversarial training is the coolest thing since sliced bread” ——Yann
LeCun
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Figure 1: Generative adversarial nets are trained by simultaneously updating the discriminative distribution
(D, blue, dashed line) so that it discriminates between samples from the data generating distribution (black,
dotted line) p,, from those of the generative distribution p,, (G) (green, solid line). The lower horizontal line is
the domain from which =z is sampled, in this case uniformly. The horizontal line above is part of the domain
of . The upward arrows show how the mapping = G(z) imposes the non-uniform distribution pg on
transformed samples. G contracts in regions of high density and expands in regions of low density of pg. (a)
Consider an adversarial pair near convergence: pg is similar to pau. and I is a partially accurate classifier.
(b) In the inner loop of the algorithm D is trained to discriminate samples from data, converging to D*(x) =

ﬁm. (c) After an update to GG, gradient of D has guided G/(z) to flow to regions that are more likely
it ]

to be classified as data. (d) After several steps of training, if G’ and D have enough capacity, they will reach a
point at which both cannot improve because p; = paan. The discriminator is unable to differentiate between

the two distributions, i.e. D(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, &, is a hyperparameter. We used k& = 1, the least expensive option, in our

experiments.
for number of training iterations do

for £ steps do
e Sample minibatch of m noise samples {22, ... 2(™)} from noise prior py(z).
e Sample minibatch of m examples {a:(l), ey a:("")} from data generating distribution

pdata(ﬂ:)-
e Update the discriminator by ascending its stochastic gradient:

Vo= 3 [log D (29 +10g (1= D (6 (2)))].

end for
e Sample minibatch of m noise samples {z1), ... 2(™)} from noise prior p,(2).

e Update the generator by descending its stochastic gradient:
1+ ,
w2 os(1-0 (e (=0))).
Va, — ; 0g Gz

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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