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Instability in GAN Training

» Saddle point formulation for GAN training:

max min f(0, w)



Instability in GAN Training

» Saddle point formulation for GAN training:
mgxn}"i]n f(0,w)
> Alternate gradient updates for § and w
0—0+n9Vof(O,w), W —w—nwVwf(0,W).

» This leads to instability.



Proposed solution: maxy miny, — maxy max

» Dualize miny, f(#, w) into maxy g(6, \).

» maxg maxy g(0, \) is more stable than maxg miny, f(6,w).



GANs with Linear Discriminator

» Linear scoring function F(w,x) = w ' x, discriminator

1

Dy (x) = pw(y = 1|x) = o(F(w,x)) = [p——



GANs with Linear Discriminator

» Linear scoring function F(w,x) = w ' x, discriminator

1

Dy (x) = pw(y = 1|x) = o(F(w,x)) = [p——

» Discriminator optimization problem:

: e 2 1 - —w ' x;
min f (6, w) = min [ w|}3 + 271'2110g (14+e™™)
1=

]. "~ Tg(_)
+ 5 208 (1677 0).
1=



GANs with Linear Discriminator

» Linear scoring function F(w,x) = w ' x, discriminator

1
Dyw(x) = pw(y = 1[x) = o(F(w,x)) = g
» Discriminator optimization problem:
real images

H‘l)‘ilnf(ﬁ,w) mln—|\w||2—|——Zlog <1+€ WTX7)

generated images
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GANs with Linear Discriminator

» Loss is convex in w, the dual problem:

2
m}z\xx g(6, ) Z Ax; Xi — Z Az, Go(z
ZH 2nhy,) + Z H(2n\y,),
t Vi 0< )X, < i 0< )y, < i
s.t. 1, < o < on



GANs with Linear Discriminator

» Loss is convex in w, the dual problem:
weighted moment matching
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GANs with Linear Discriminator

» Loss is convex in w, the dual problem:
weighted moment matching

2
max g(0, ) Z)\xzxz ZAZZGQ
— H(2n)\x — H(2n)\,,),
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1 71 entropy
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GANs with Linear Discriminator

> Alternate 6 <— 0 +19Vpg(0,\) and X\ = argmaxy, g(6, \).

» Solving the dual is not hard (quadratic optimization).



GANs with Linear Discriminator

» Alternate 6 < 6 +ngVyg(0, \) and X\ = argmax,, g(6, \).

» Solving the dual is not hard (quadratic optimization).

> Learning is very stable:
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GANs with Non-Linear Discriminator

Improved stability and sensitivity to hyperparameters.
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Dualing GANs
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See you at our poster.



