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Introduction & Motivations

Federated Learning (FL) is a privacy-
preserving  decentralized learning
paradigm consisting in 2 phases:
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¢ Learning Phase: Each client trains
1ts local model.
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e Aggregation Phase: Local models

are combined into a global model.
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FL faces some challenges, like statisti-
cal heterogeneity, algorithmic fairness
and uncertainty quantification.

Main Contributions

A Unifying Framework:
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Closed form solutions for: YIRKL = (fo:l wngl) . URKL = 2MRKL 2521 wkZ,;l,uk.
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The BA-BFL Framework. Pz = D p—i Wiflk:

e Wasserstein-2 Barycenter of Independent Gaussians

Comparison to Statistical Aggregation Methods in a Heterogeneous Setting
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Effect of Bayesian Layers on Uncertainty Quantification, Model Calibration, Time-Effectiveness & Fairness
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