™\ Variational Data Assimilation with Deep Prior

SORBONNE
b UNIVERSITE Arthur Filoche ' Dominique Béréziat 1  Anastase Charantonis > Théo Archambault ?
1Sorbonne Université, CNRS, LIP6, France 2ENSIIE, CNRS, LAMME, France France

Motivations

» The variational data assimilation cost function is derived from Gaussian error modeling, then relying on covariances as hyper-parameters.
» Instead of a Gaussian background prior, we propose to use a deep prior as regularizer, circumventing the need for the background covariance matrix.
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m Performances on par with DUACS m Deep prior has a strong regularizing effect, on par with background regularization
Conclusion
» A well-suited deep architecture can act like a handcrafted background matrix » Convolutional prior account for a correlation in space and time

Going deeper
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