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Description: Testing whether a sample of observations is statistically homogeneous, is fundamental for             
assessing the complexity of the underlying distribution. Moreover, it can help in determining the model               
complexity (model selection) in machine learning applications. Nevertheless, it is unfortunate that, as most              
statistical hypothesis testing methods, homogeneity testing also suffers from being only effective in very few               
dimensions. 
 
In this work we first aim to study hypothesis meta-tests, such as the one presented in [1], that devise ways to                     
define and test a hypothesis over the result of multiple univariate unimodality tests [5]. The main idea is                  
based on analyzing multiple histograms of pairwise similarities and then decide whether a high dimensional               
cloud of points forms one (null hypothesis, H0) or more (alternative hypothesis, Ha). 
 
We are specifically interested to measure the statistical power of such approaches, their scalability in the size                 
of data, their adequacy to get easily recomputed (to get an updated result) when only small changes have                  
taken place to the sample. Moreover, it is also interesting to try incorporating approaches related to                
histogram segmentation [3], k-modality testing, or other projection-based preprocessing. In terms of            
applications, we are planning to use such tests for kernel sparsification and/or data clustering. 
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