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Gaussian Noisy Channel RDAs



The Noisy Channel RDA
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We can require pg(z) be Gaussian. In that case we can sample z from

pa(2z) and generate images (as in a GAN).
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Unpooling
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A General Autoencoder
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We show below that for pg(z|y) and pe(z) both required to be Gaussian
we can assume without loss of generality that

ﬁ@(z) = N(O, ])



Sampling

Sample z ~ N(0, I) and compute yq(2)

[Alec Radford]

This is sampling — not compression. This is “decompressing” noise.
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Gaussian Noisy-Channel RDA

We now show that a reparameterization can always convert pe(z) to a
zero-mean identity-covariance Gaussian.

¢* = argmin E, . In p(f)(zq)(y’ W) | ADist(y, ya(2a(y; €)))
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po(20(y; €))

20(y,€) = po(y) +oaly) ©e e~ N(0,1)

po(2lilly) = N(ua(y)i], oo (y)[i]))




Gaussian Noisy-Channel RDA

pa(ze(y, €)|y)
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We will show that we can fix pe(2) to N(0, I).

pa(zi]ly) = N(ua(y)lil, oa(y)[i])

pa(zli]) = N(0,1)
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Gaussian Noisy-Channel RDA
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Closed Form KL-Divergence




Standardizing pe(2)
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Standardizing pg(2)

_ N oo+ (pa(y)li] — pold)® | oef] 1

Kle =2 20 il Wl 2
oy (Y)i* + par(y)li)? 1 1
Klw =2 ) el 2



END



