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1 Improve the 04 so that the discriminator becomes better at distinguishing between fake : g ' -
)
and real examples:Run the following k times: WW Ve &WW K4’ O‘L </ f )XQ/DL Q‘ D
m Sample m real examples xi, ..., X, from training data. IP (X
B Generate m fake examples g(z1),...,g(zm) using the current generator g, where @ * C ~ O
z; ~ p(z). X )=
B Improve 04 so that the discriminator can better distinguish between those fake PY\U)\) + P UX/)
examples and those real examples. \é ?(,X)
2 Improve generator 04 so as to generate examples the discriminator would find hard to tell \/C C 7*) \ 77 (x) ( B (ASAS . P ()O (/D (\()O ‘ Ol_ N
fake or real: a0 D B ﬁ 2 ° T b7v\t‘><)“f P@ W') f ? PY\U() + Pq Clx) ‘
B Generate m new fake examples g(z1),...,g(zm) using the current generator g. J J J N \J
(Those are examples that the discriminator can tell as fake with high confidence
because of the training in step 1.) = ( M Ol P [ Fj LX)
B Improve 0 to generate examples that would be more like real images than those ?T\ (70 Vj FW) X+ j (x> Dj PM Dl./x AR Loj D
fake images. X)
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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. S = - J) ij D(x) VGj P\T (o ol x .

for number of training iterations do ( 2~) fodee
_for & steps do ~ ?
e Sample minibatch of 1 noise samples {z( )., z(’”)} from noise prior pg(z).
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e Sample minibatch of m examples {z(1). ..., x(™)} from data generating distribution - - 7
T aw P y 1L examp { \} ok - - 2 1}01/\.0/\ D [ oaol (, DCXD//\\// 0 wheun XN P (XD ) 2 qm“’(’"‘_e’ \ UMS’DWbLﬁ
Pdata(). = re j J
O e Update the discriminator by ascending its stochastic gradient:
. — max m The original generator cost function leads to slow training, and the alternative cost

1 n ) ) ) . .
Vo, — Z [l()gD <$(1)> + log (1 - D ((1' (z('z)))>:| ' function leads to unstable training.

m 4 m In practice, those difficulties are dealt with by not training the discriminator to optimum,

- /’) 7(/ 2%) ( lee not even close to optimum.

end for
— e Sample minibatch of 1 noise samples {z1), ..., z(™)} from noise prior p,(2). AE: LCP )
Ton | © Update the generator by descending its stochastic gradient: é ) w= € g J
e ~— mi- m Training is stable.
m
! Vo S Z log (1 —D ((,' (z(i)))) . @ m Does not suffer from mode dropping because it maximizes likelihood, ensuring coverage of
m i1 the data distribution.
end for | )m Outputs are often blurrier due to the reconstruction loss, which averages over possible
outputs, sacrificing fine details.
m At each iteration, the discriminator is not trained to optimum. Instead, its parameters are GAN:
improved only once by gradient ascent. @ m Generates sharper and more realistic outputs because the discriminator pushes the

generator to produce highly detailed outputs.

(7) m Prone to mode dropping, where the discriminator does not force the generator to capture
the full diversity of the data distribution.

m Similarly, the parameters of the generators are also improved only once in each iteration
by gradient descent. @
||

Training is unstable and can suffer from issues like non-convergence or mode collapse.

m FID compares how often the same high-level features are found within the real and
generate.

m Lower FID score means that the generated images have better quality and diversity. &A/U s IVV‘Q"%*/ &W\Qf(’ﬁm - OZMéVﬁNCW‘UUV\
m FID is an improved of Inception Score. \} |
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