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Transformation L(x10%) |lw* — w]|
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Algorithm 1: Latent Space Embedding for GANs

Input: Animage I € R**™*3 to embed; a
pre-trained generator G(-).
Output: The embedded latent code w* and the
embedded image (w*) optimzed via F”.
Initialize latent code w™ = w;
while not converged do
L Lpercept(G(w”), I) + %HG{M*) — 113
w* — w* —nF' (Ve L);
end
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Data class  w Init. L(x10%)  |w* —w|

Face w=w 0.309 30.67
Random 0.351 35.60
Cat w=w 0.752 70.86
Random 0.740 70.97
Do wW=wW 0.922 74.78
& Random 0.845 75.14
Paintin wW=w 3.530 103.61
€ Random 3451 105.29
C wW=w 1.390 82.53
ar Random 1.269 82.60
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