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Algorithm 1 GAN training
Input: cover audio ¢
QOutput: well-trained parameters of generator
1: for all iterations do
2:  Generator: cover audio c is translated into the corre-
sponding embedding probability map p.
3:  Simulator: calculate the modification map {m;}
through the double-tanh function using the probability
map {p, } and random numbers {r; }.

m; = — 0.5 x tanh(A(p; — 2 x 1;))+

0.5 x tanh(A(p, — 2 x (1 —1;))) (D

The stego audio s is generated by element-wise adding
the modification map m to the cover audio ¢, 1.e. s =
C+1m

4:  Discriminator: the cover—stego pairs (concatenation of

cover ¢ and stego s) are fed into the discriminator for
classification.

5: Optimizing: the parameters of the generator and the
discriminator are updated alternately to minimize the
loss function presented in Section 2.4.

end for

return well-trained parameters of generator
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Fig. 1. The training process of the pmpu.‘{:e_d framework.
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