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Variational Autoencoders (VAEs) [3, 6] combine the advantages of neural
networks with those of variational inference, to create powerful models for com-
plex tasks, such as high-dimensional probability density estimation and image
generation. Variational AutoEncoders are generative models, consisting of two
networks in cascade: the recognition network, which given an observation out-
puts the parameters of a probability density function over the lower-dimensional
space of the latent variables, and the generative network, which reconstructs a
sample in the space of observations for a latent representation, by generating
the parameters of a probability distribution over the input variables. These two
neural networks are connected and their set of parameters are optimized under
a Bayesian probabilistic framework. Due to the complexity of the modeling task
and of the structure of VAEs, the probability distributions involved in the opti-
mization process cannot be computed in closed form. As a solution, variational
inference is used to approximate the intractable posterior distribution.

In the optimization of the parameters of the neural networks of VAEs, the
main target is maximizing the value of the log-likelihood. Since this distribu-
tion is unknown and analytically and computationally intractable, instead a
lower bound for the log-likelihood is optimized. Extensive research has been
carried out in the effort of improving the estimation of this variational bound,
however in this regards, the geometrical aspects of the latent space have not
been in explicitly taken into account. The first improvement of the varia-
tional lower bound consists of incorporating an importance sampling scheme
into the standard Kullback-Leibler variational lower bound, to obtain a tighter
bound [1]. These results are refined in [5], by deriving estimators for the gradi-
ents needed to optimize VAEs with such lower bounds. The authors of [4] obtain
a new lower bound on the log-likelihood, by performing the derivations of the
variational lower bound with the Rényi α-divergence. The above mentioned
two approaches are combined to produce the Rényi importance sampling lower
bound [7]. A variational inference Expectation Propagation algorithm based on
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Amari’s α-divergence is proposed in [2], to measure the difference between the
target intractable distribution and the approximating one.

The above mentioned studies have been focused on deriving tighter lower
and upper bounds for the log-likelihood, however the impact of the choice of
the function optimized during training over the geometry of the latent space
remains unclear. In particular little to no connection between these generalized
divergences and the information capacity of the latent model has been made.
Defining what makes a given latent representation better than another is not
trivial and learning adequate descriptions represents one of the main determi-
nants of the performance of VAEs. The purpose of our analysis is to characterize
the geometry of the latent space, by investigating the influence of the hyper-
parameters of the generalized divergences on the improvement of the learning
capacity of the encoder and compare it with the result given by the Kullback-
Leibler divergence. By means of an explanatory analysis we investigate the
factors that shape the geometry of the latent space of VAEs, in particular by
evaluating the impact of different structural parameters of the model and that
of the cost function optimized during training.
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