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1. Proof of equation (13)

We provide detail to show how to arrive at (13)
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2. Proof of equation (15)

In this part, we provide proof to show that that we can replace ¢(z, c|z;) with ¢(z, c|z;) in (14) i.e. the decomposition of
log-likelihood In pg(z;)
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3. Derivation of equation (19)

We provide detail to show how to arrive at (19) from (11)
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where inequation (a) comes from (13), equation (b) comes from (16), and equation (c) comes from the fact that > jWij = 1.

4. Derivation of equation (21)

We provide details to show how L(6, ¢, x;) can be estimated using (21). We note that the equation (26) can be derived
similarly. The equation (21) can be written as
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In the following, we evaluate the terms in (4).
4.1. Evaluate Eq¢>(z|wi) [lnp9 (:1:1|z)]

The term Eq, (z|z,)[In pg(2;|2)] can be estimated using the reparameterization trick, i.e.,
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where z ~ N (u,diag(c®)), and [pt,log o] = f(x;, $). L is the number of samples that used in the SGVB estimator. In
our method, we set L = 1 and omit the superscript of z;. Then the term F, .|z, [Inps(x;|2)] can be estimated as
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where p, = g(24;0).



4.2. Evaluate £, (. |z,)q, (c|=)[Inp(2|c)]

We note that the term Eq,, (z|z,)q, (c|2)[In P(2|c)] can be estimated using the reparameterization trick. But in our paper, we
use an approximation of this term, i.e., we approximate g(c|z) using g(c|z). Then
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As qg(z|z;) is Gaussian distribution with mean pt; and corvariance matrix diag(er?), where [p;,log(e?)] = fi(z4; 61), we
have
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Substituting the above equations into (11), we arrive at
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where (15) comes from the reparameterization trick, 7;x denotes the kth entry of g4 (c|z;), and (17) comes from Eg, ¢|2,) [ck] =
Yik-






