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Parsimonious statistical analysis for multivariate models of high dimension

Inherent to most multivariate models, the curse of dimensionality refers to the
explosive increase in the number of parameters to be estimated as the dimension
of the underlying vector of observations grows. Within this framework, balancing
a model that is sufficiently rich in parameters to capture complex relationships
while remaining parsimonious enough to avoid overfitting is a key challenge. This




challenge can be addressed using sparsity-based methods, which focus on
variable selection to recover the true signal when the model has a sparse
representation. Penalization techniques are typically applied to the objective
function (e.g., likelihood, least squares) during estimation to produce an estimator
with many coefficients set to zero. The following points will be considered:

- Examples of multivariate models suffering from the curse of dimensionality

- Properties of sparsity-based estimators

- Implementation issues.
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The Generalized Lasso: Theory and Applications

In this talk, I'll review the generalized lasso framework, some key special cases
revolving around trend filtering, and applications.
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