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Goal: Scalable (point-wise) stochastic optimization methods for two SPADE: Stochastic PrimAl Dual mEthod STAMP: STochastic Alternating Maximization Procedure
broad families of non-decomposable performance measures (for concave measures based on dual structure) (for pseudo-linear measures based on level set structure)
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Stochastic Gradient Descent?

‘Point-wise’ performance measures:

‘Non-decomposable’ performance measures:
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Fenchel Duality Linear Level Sets
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Historical note: Update of Dinkelbach (‘67) & Jagannathan (‘66) over parameterized spaces
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