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Motivation MNIST Training Curves Importance Weighted Autoencoder (IWAE)
Latent variable models (LVMs) - ~ We closely reproduce results on MNIST reported in |2| for the average variational The term D|q4(z|x)||p(z|x)| in (1) penalizes low-probability pos-
are a class of statistical mod- - - - F 7 0 lower bound L for VAEs with the specified latent space dimensions. We observe that terior samples. Thus, the VAE posterior is a good approximation
els that aim to represent the increasing the number of latent variables from 20 to 200 does not lead to overfitting. only if the true posterior can be obtained by nonlinear regression.
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Learning Autoencoder Structure Latent Manifold Visualisation

. Figure 6: Left: VAE and IWAE Right: IWAE 1- and 2-stochastic layers

In a wariational autoencoder, one aims to jointly learn a data
generating process (py(x|z)) and the posterior distribution over
the latent variables (p(z|x)). Using density networks to model
the data likelihood vields expressive models but with intractable

This assumption can be relaxed by sampling low-probability pos-

terior regions using tmportance sampling, which yields a tighter
L. on the marginal likelihood [3]:
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We observe the effect of the regularisation term in (1) by comparing plots of input O /2 2 4 & ‘ 7 z G
The Reparameterisation Trick data mapped through the encoder onto the latent space. The 20D latent space shows
better separation than the 2D space due to the additional degrees of freedom whilst Figure 7: Samples generated from the same noise sample but different labels
Optimising the expectation in the RHS of (1) with respect to ¢ maintaining a valid Gaussian distribution, Conditional VAEs (cVAEs) |4] include additional information (i.e.
involves backpropagating the error term through a layer of samples e . labels) at the input and stochastic layers.
of ¢ which is not differentiable (Figure 2, left). A .&&
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This is overcome (Figure 2, right) by expressing x as a determinis-
tic function g of an auxiliary variable, € ~ p(e), continuous with
respect to ¢, which for Gaussian q is
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Mapping a grid of values on the unit square through the inverse Gaussian CDF and
the trained decoder (2D latent space) allows visualisation of the learned manifolds.
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