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Abstract
Variational AutoEncoders are generative models, consisting of two cascading networks: the recognition network and the generative network. Under the framework
of variational inference, the original training algorithms of VAEs optimize a lowerbound on the log-likelihood, derived using the Kullback-Leibler divergence. More
recent literature focused on improving the log-likelihood using alternative bounds,
such as the ones derived from the Rényi divergence and their reformulations in
terms of importance sampling. A thorough description of the influence of such
bounds on the quality of the latent representation is lacking. Defining what makes
a given latent representation better than another is not trivial. Learning adequate
such descriptions represents one of the main determinants of the performance of
VAEs. Representations in the latent space are reportedly distributed in a coherent
way and the sub-manifold of observations appear to be mapped into an affine space.
However, the explicit choice of the prior over the latent space remains the only
known element in the construction of the geometry of this space. By means of
an explanatory analysis, in our work-in-progress paper, we investigate the factors
that shape the geometry of the latent space of VAEs. We evaluate the impact of
different structural parameters of the model and that of the cost function optimized
during training.
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Introduction

Variational Autoencoders (VAEs) [7, 12] combine the advantages of neural networks with those
of variational inference, to create powerful models for complex tasks, such as high-dimensional
probability density estimation and image generation. The neural network in the first stage of VAE
encodes the input data into a lower dimensional latent space, forming the representational part of
VAE. Using the weights of the neural network optimized during the training phase, the decoder
of the final stage of VAE generates the pixels of the output image, from the latent samples drawn
from a zero mean, unit covariance matrix Gaussian distribution. 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 VAE, the probability distributions
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involved in the optimization process cannot be computed in closed form. As a solution, variational
inference is used to approximate the intractable posterior distribution. One of the most common
approach is the mean field approximation, where the posterior distribution is assumed to factorize
into independent components [1], [14]. This approach imposes severe constraints on the type of the
learned distribution. These authors argue that this model is not accurate enough to capture all the
complexities of the input data, and, thus to generate high quality images.
In the optimization of the parameters of the neural networks of VAE, the main target is maximizing the
value of the log-likelihood. Since this distribution is unknown and analytically and computationally
intractable, a lower bound on the log-likelihood is optimized instead. Extensive research has been
carried out in the effort to improve the estimation of this variational bound. However, in terms of
extending the descriptive power of the encoder, to improve the optimization of VAE, the geometrical
aspects of the latent space have not been in focus. The first improvement of the variational 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 [11], by deriving
estimators for the gradients needed to optimize VAE with such lower bounds. The authors of [9]
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 [15]. They obtained a slightly better value of
the log-likelihood bound, on the MNIST benchmark dataset, than [11]. Using the χ-divergence, with
several orders, the first upper bound on the log-likelihood is derived in [2]. The authors train the VAE
algorithm, by optimizing the standard variational lower bound and the newly introduced upper bound
simultaneously. To construct a power expectation propagation algorithm, which is a variational type
of inference algorithms, Amari’s α-divergence is proposed in [4], to measure the difference between
the target intractable distribution and the approximating one. The variational lower bound is enriched
with a regularization term, which takes into account extra information about the data [3]. The authors
investigate this modification of the optimization objective on the learned latent space.
So far, the above mentioned studies have been focused on deriving tighter lower and upper bounds on
the log-likelihood and creating VAE algorithms that improve its value, as a performance measure.
The question of the meaning and optimization of the hyperparameters of the generalized divergences
remains unresolved [9], [15], [4], [2]. Little to no connection of these generalized divergences has
been made to the learning capacity of the latent model. Using the current probabilistic framework, the
latent model is not powerful enough to exploit the neural networks to their maximum capacity. Thus,
our goal is to develop a theoretical and computational framework, to characterize the geometry of the
latent space, to learn richer representations for the input data. We aim at 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.
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2.1

Experimental Analysis
Latent Variables and Information Content

In this section we start our analysis over the MNIST dataset [8], by evaluating the number of latent
variables which carry some information content to the decoder, using a VAE trained by optimizing a
Rényi variational lower-bound. In order to determine this number and the role of α, we apply a PCA
decomposition to the mean vectors associated to the approximate posterior distribution over the test
set, which in the rest of the analysis we fix to be a Gaussian distribution with diagonal covariance
matrix. We design both the encoder, which outputs the parameters of the Gaussian distribution, and
the decoder, which generates the Bernoulli parameters for each pixels of the reconstructed image,
as feed-forward neural networks with two hidden layers, each containing 200 nodes. The model
is trained using the Adam optimizer algorithm. We run experiments using the ReLU activation
function. Each experiment is conducted for 1000 epochs and the results are averaged over 3 runs.
The dimension k of the latent space is equal to 30.
We define a component to carry information about the data if its eigenvalue is larger than  = 0.01,
which implies that, the mean value of the component does not vary among the points in the dataset.
The PCA decompositions of the mean vectors, and a summary of the number of latent components
carrying information about the test set, as a function of the hyper-parameter α, are represented in
Fig. 1 and 2 (left), respectively. Notice that, even if this is not evident from the PCA decomposition
2

Figure 1: PCA eigenvalues for different values of α and dimensions of the latent space k, results
averaged over 10 runs. The eigenvalues associated to the PCA decomposition are applied to the
matrix of the approximate posterior means, for all points in the data set. For this experiment, VAE is
trained on MNIST, to maximize a lower-bound derived from the Rényi divergence, using different
values of α. (Left) k = 30; (Center) k = 40; (Right) k = 50.

Figure 2: (Left) Average number (10 runs) of latent components in MNIST carrying information
about data: VAE trained with the Rényi α-divergence, for different dimensions of the latent space
k. (Right) Averaged results (10 runs) for the variational Rényi lower-bound (10 samples) and the
importance sampling estimate (2000 samples) of the log-likelihood, on MNIST test data, as a function
of α, for different dimensions of the latent space k.

in Fig 1, the eigenvectors tend to align with the main axis, as a consequence of the independence
assumption between latent variables in the Gaussian distribution. Finally, in Fig. 2 (right) we evaluate
the impact of the α parameter on the quality of the variational lower-bound and the estimated loglikelihood using importance sampling, to correlate performance with the number of latent component
carrying information about the data. Our analysis show that as α goes to 0, the number of learned
components saturates, with different values which depends on the activation function, as well as the
lower-bound gets closer to the true value of the log-likelihood. However, the importance sampling
estimation of the log-likelihood becomes more noisy, and thus a larger number of samples is required
to obtain reliable estimates. Other experiments we don’t show here confirm that the number of
components remains constant even for k ∈ {40, 50}.
2.2

Linear Separability in the Latent Space

In this section we study the geometry of the latent space learned by VAE during training, though
the evaluation of the performance of independent logistic regression linear classifiers trained at
different stages, similarly to what has been done for instance in [10]. The purpose of the analysis is
to determine the impact of the size of the latent space over the classification accuracy, and possible
advantages in performing the classification by adding among the features not only the entries of the
mean vector, but also the diagonal of the covariance matrix.
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Results appear in Fig. 3. Previous work on MNIST [8] showed how linear classifiers trained on
the input space obtained accuracies over the test set in the range 0.88 and 0.92. Our experiments
shows performance in range 0.93-0.94, which supports the fact that VAEs are capable of learning
a compact representation in the latent space by performing an automatic feature extraction, which
can be employed efficiently in classification using linear methods. What appears to be interesting
from our experiments, rather than the marginally but consistent better performance associated to
a larger number of variables in the latent space, is the improvement in accuracy given by adding
the information from the covariance matrix in classification. This supports the intuition that the
covariance matrix encodes information about the similarity of the images itself with neighborhood
images in the latent space, which is relevant feature in classification. The impact of the use of Rényi
divergence for different α in this setting appears to be less relevant.

Figure 3: Classification performance over the test set of a logistic regression classifier trained at
different epochs during the training of VAE for MNIST. The classification features correspond to
mean vectors (left); mean vectors and diagonal entries of the covariance matrix (center); sampled
latent variables (right). VAE trained with KL-divergence for different numbers of latent variables k.

2.3

Image Transitions through Geodesics

The recognition network of a VAE maps points in the dataset to the parameters of a probability
distribution over the space of the latent variables. In the case of the original VAE algorithm [7, 12]
the generative network implements a mapping between the input space and the family of Gaussian
distributions with diagonal covariance matrix, from which the latent variables are then sampled. The
representations of similar data points are mapped close to each other in the latent space. More in
general the space of the latent variables seems to be characterized by an affine geometry. Indeed,
in case of images, the convex hull between two latent representations, once decoded, gives rise to
a smooth deformation of one image into the other, cf. Fig. 4 in Appendix A from [7], where this
behavior has been visualized for the MNIST [8] and Frey Face [5] datasets.
In order to investigate the geometry of the latent space, instead of computing the convex hull
between representations, one alternative approach consists in computing the shortest path between
two Gaussian distributions parameterized by mean vectors and covariance matrix, by explicitly taking
into account the geometry of this manifold. Indeed, we known from Information Geometry [6] that
the manifold of Gaussian distributions, and more in general statistical models from the exponential
family, admits a Riemannian geometry given by the Fisher-Rao metric tensor [13]. By taking into
account such geometry, the shortest path between two Gaussian distributions corresponds to the
geodesic curve connecting the two points on the manifold. Differently from the Euclidean geometry,
where distances are computed by the convex hull between the two points, along the Fisher-Rao
geodesic we have an increase of variance, as represented in Fig. 4, which translates in Fig. 5 (forth
row) to a more variability in images sampled along the curve. The approach we propose here to
compute a smooth transition between two given images, consists in moving along the geodesic and
decode images without sampling. Due to the shape of geodesics, for images representing different
digits, characterized by similar covariances and equally distant from the hyperplane separating classes,
this results in a slightly sharper transition from one image to the other, due to the difference between
performing uniform steps along the geodesic and along the convex hull between mean vectors.
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Figure 4: Geodesic curves for Gaussian distributions in the (µ, σ) space (solid line) vs convex hulls
(dotted lines).

Figure 5: Different interpolations between two MNIST images, represented in the first and in the
last column: convex hull in the input space (first row); convex hull between mean vectors, with no
sampling (second row); convex hull in the space of the latent variables after sampling of the two
images (third row); computation of the geodesics between two Gaussian distributions with sampling
along the curve (forth raw) and without sampling (fifth row). In red we highlighted the corresponding
transition images for the Euclidean and the Riemannian geodetic. The latter geodetic shows a slightly
sharper transition.
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Conclusions

In this work-in-progress paper we have performed a preliminary experimental analysis of the nature
and geometry of the latent space generated by VAE over, the MNIST dataset, trained with different
variational bounds. The purpose of this analysis is twofold, indeed a better understanding of the
geometry of latent space can contribute to shed lights on the choice of which statistical models to use
over the latent variables, as well as the design of optimization algorithms which explicitly take into
account the geometry of the space itself.
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