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Classical Federated Learning Setup
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e Devices compute the gradients
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. Variance Reduced MARINA for the problems with fz g fzj

‘ Variance Reduced MARINA for the problems with fz( ) — Efz”\’pz’ [fgz( )}
‘ Rates under Polyak- Lojasiewicz Condition

‘ Explicit dependencies on smoothness constants, non-uniform sampling

‘ Simple proofs
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