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Federated Learning Server/Client System Architecture

Algorithm 1 Federated Multi-Task Deep Learning Framework with Decentralized Averaging SGD

Experiment
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Convergence of DPA-SGD: If the communication period 7 satisfies:

a) Centralized Federated Learning i b) Multi-Task Learning Block i c) Decentralized Federated Learning
' = ) Round Number: 300; Worker Number: 8; Dataset: LEAF/FEMINST, 3550 users
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