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So we will use the 61/62 constraint and solve

A lifted 11/l12 constraint for sparse blind deconvolution
[ Ernie Esser, Tim Lin, Rongrong Wang, and Felix J. Herrmann

Solving the optimization problem (method of multipliers)
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f John “Ernie” Esser (May 19, 1980 — March 8, 2015)

This work is a reflection of Ernie’s extraordinary contributions
to this challenging problem. Unfortunately, Ernie was not able
to see the final results of his original work. We miss him
dearly, and will continue to work on this exciting approach.
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