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On a more philosophical side, how is the random projection
robust to a wrong covariate ? (select covariates)
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e Random Projection :

e now quite a well-established technique ; randomizing rows or
columns by subsampling, random projection matrix with iid
elements (any reason for your choice ?)

e Link with point processes : to generate diversity/regularity :
determinantal point processes; discrete case has known
some success in machine learning ;

e (Clear possible extension : mixed models for spatial point
processes.
e Given W, logp(u; 3, W) = X+ W (~ intensity of a LGCP)
e Given W, Bermann-Turner approximation ( fD ~ Y cudata)
brings the problem to a (weighted Poisson regression) ;



