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Distributed Optimization
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Distributed Gradient Descent
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Module D: SOCP and Robust Optimization
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Quadratic Constraint as Second Order Cone Constraint
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Second Order Cone Programming (SOCP) in Standard
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Min-max Inequality
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Example: Facilty Location Problem
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Example: Chance Constrained Optimization
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Robust Optimization
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Robust Optimization with Box Uncertainty Set
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Robust Optimization with Ellipsoidal Uncertainty Set
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Robust Least Squares
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Robust Classification
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