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Algorithm 1 Training the GrammarVAE
Input: Dataset {X (D }N |
Output: Trained VAE model pg (X|2z), ¢4 (2|X)
while VAE not converged do
Select element: X € {XD}N | (or minibatch)
Encode:z ~ g4(z|X)

Decode: given z, compute logits F € RTmaz x K

for tin[l,..., Thhaz) do
Compute pg(x¢|z) via Eq.(1), with mask m;¢
and logits f;
end for
Update 6, ¢ using estimates pg(X|z), ¢4 (2| X), via
gradient descent on the ELBO
end while
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