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Abstract: 
Even if they are defined on a space with a large dimension, data points usually lie onto a hypersurface, or 
manifold, with a much smaller intrinsic dimension (ID).  The recent TWO-NN method (Facco et al., 2017, 
Scientific Report) allows estimating the ID when all points lie onto a single manifold.  Let us consider the 
data as a configuration of a Poisson Process (PP) with an intensity proportional to the true density \rho(x). 
TWO-NN makes only a fairly weak assumption: locally, on the scale of the second nearest neighbor, the 
original PP can be well approximated by a homogeneous one. In other words,  we assume that in a small 
neighborhood around each point the intensity of the underlying PP is approximately constant.  Under this 
hypothesis, the ratio of the distances of a point from its first and second neighbor  follows a Pareto 
distribution that depends parametrically only on the ID, allowing for an immediate estimation of the latter. 
 
Under the assumption that the homogeneity of the density holds on the scale defined by the distance of the 
first $q$ neighbors of a point, the Pareto distribution result extents to ratios of  distances between 
consecutive $q$ neighboring points. This leads to a refined estimator of the data intrinsic dimension which 
we name CRIME (Consecutive Ratio Intrinsic Manifold Estimator). 
 
We then extend the TWO-NN model to the case in which the data lie onto several manifolds with different 
ID. While the idea behind the extension is simple (the Pareto distribution is just replaced by a mixture of 
$K$ Pareto distributions), a non-trivial Bayesian scheme is required for correctly estimating the model and 
assigning each point to the correct manifold. We dub this extension HIDALGO (Heterogeneous Intrinsic 
Dimension ALGOrithm). 
 
HIDALGO obtains remarkable results, but its limitation consists in fixing a priori the number of component 
in the mixture. To adopt a fully Bayesian approach, a possible extension would be the specification of a 
prior distribution for the parameter $K$.  Instead, with even greater flexibility, we let $K\rightarrow 
+\infty$, using a Bayesian Nonparametric approach and model the data with a Dirichlet Process Mixture 
Model as an infinite mixture of Pareto distributions. This  approach, the same time, takes into account the 
uncertainty relative to the number of mixture components. Since the posterior distribution has no closed 
form, to sample from it we rely on the Slice Sampler algorithm.  From preliminary analyses on simulated 
and well-known datasets (e.g. Fisher's Iris dataset), the full Bayesian nonparametric version of HIDALGO 
(BNP-HIDALGO) provides promising results allowing to recover a rich data structure starting from the 
intrinsic dimension, a pure geometric data feature, and only requiring the definition of a distance measure. 
 
Applying Bayesian dimensionality reduction via identifications of data intrinsic dimensions we uncover a 
surprising ID variability in several real-world datasets.  In fact, we are able to show how this methodology 
helps to discover latent clusters hidden in data of different nature. 
 
I will present applications of HIDALGO, BNP-HIDALGO and CRIME  to  protein folding 
trajectory,  FMRI data, financial indexes computed on balance sheets, sports data, MCMC output analysis, 
chaotic systems and gene expression data. 
 


