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Abstract

Probabilistic Dimensionality Reduction methods can provide a flexible data representation and a more faithful
model of the observed Multivariate Datasets. This target is too often reached at the expense of model inter-
pretability, which has an impact in the model visualization results. In many practical applications, an optimum
performance could be less relevant than the achievement of interpretability: this is often the case in areas such
as Medicine, Biology, Astronomy, Finance and Engineering (to name just a few). In this context, the task of
data visualization is central to data exploration [1].

In manifold learning, when a high-dimensional space is mapped onto a lower-dimensional one, the obtained
embedded manifold is subject to some local geometrical distortion induced by the non-linear mapping (manifold
compression, stretching, gluing and tearing). This kind of distortion can often lead to misinterpretations of
the data set itself. But, given that it is almost impossible to completely avoid geometrical distortions while
reducing dimensionality, it is important to give relevance to another aspect of the problem: how to interpret
the geometry and the local metric of the model in order to explore the data in a more faithful way.

We consider here an explicit way to compute local metrics in generative models who perform probabilistic
dimensionality reduction. The obtained metric tensor is here used to compute geodesic distances over the
latent space using a graph-based dicretisation of the latent space itself. This way, the computed distances
better reflects the underlying structure of the dataset.
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Figure 1: Left: A 3d artificial dataset is considered as a training set. Center: Generative Topographic Mapping is used here as

an illustrative model over the training set; the model is trained over 15x15 grid of nodes, laying on a 2d latent space; training data

are presented in blue stars, connected by a continuous line. Right: The local metric tensor has been computed over continuum

on the latent space and visualized via a Magnification Factor colormap; training points are presented as stars connected by a

continuous blue line; the yellow dotted line represents the euclidean distance (straight line) between two training points; the red

dashed line represents the geodesic distance between two training points, computed using the Magnification Factor graph-based

distance. Diagrams are better visualised in colours.

Our visualization techniques, based on local metrics and magnification factor computation have recently been
applied to geodesic computation in Probabilistic Geometries [2] and to Multivariate Time Series Visualisation
[3]. Previous work has been done combining local metric quantification with visualisation techniques inspired
by cartographic maps: so called Cartograms [4, 5].

The proposed analysis is very flexible and in our previous and current work we applied it to different
models: Generative Topographic Mapping (including GTM through time and Variational Bayesian GTM-TT),
Self Organizing Maps and Gaussian Processes Latent Variable Models.
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