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{ Sparse Optimization ) is a fundamental course for graduate students who major in Computational
Mathematics, Operational Research & Cybernetics, and Statistical Learning. This course aims to make students
master the basic concepts, theory, and algorithms of unconstrained and constrained optimization problems. The
content includes sparse signal recovery, sampling theory, compressed sensing, LASSO sparse model and so on.
The purpose of this course is to enable students to systematically understand theory and algorithms of sparse

optimization with the ability to analyze and solve real-world problems by what they learned from this course.
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