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Algorithm 1 WGAN, our proposed algorithm. All experiments in the paper used

the default values a = 0.00005, ¢ = 0.01, m = 64, neritic = 5- )

Require: : «, the learning rate. ¢, the clipping parameter. m, the batch size.
Teritic, the mumber of iterations of the critic per generator iteration.

Require: : wy, initial critic parameters, #, initial generator's parameters.
1: while # has not converged do
2: for t =0, ..., neritic do
3 Sample {z("}7, ~ P, a batch from the real data.
4 Sample {z(V}7 ~ p(z) a batch of prior samples.
&: Gu +— Vo {% Yiet Ju(z®) - % i fw(gﬂ(z(i))”
6: w 4 w + a - RMSProp(w, gu)
T w + clip(w, —c,¢)
8 end for

9: Sample {z(') }%, ~ p(z) a batch of prior samples.
10: go +— —Vaﬁ ¥ fulge(z®))

11: 0 « 0 — a - RMSProp(f, gs)

12: end while
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Algorithm 1: AdaBelief
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