Tackling Distribution Shifts in Federated Learning with Superquantile Aggregation
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Challenge: unbiased gradient estimator not possible
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Federated learning

Our Approach: Simplicial-FL

FL = Collaborative learning Approach: Minimize the tail error directly

on decentralized data Optimize mini-batch surrogate which is (6m)~"*-close:
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Privacy of user data

Distribution shifts in FL

Experiments

Simplicial-FL leads to improvement in
the tail performance
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Optimization Algorithm

Subgradient expression: if dn is an integer then
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