SPFL: Sequential Updates with Parallel Aggregation for Enhanced
Federated Learning Under Category and Domain Shifts
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Our Method Evaluation Results

» Why should we use sequential federated learning (SFL)? > The framework of SPFL ( with GLAM) > The Main comparative experiments
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cause two critical issues:update order sensitivity, where model performance varies significantly

Strﬂngly convex: Under Assumptions and P| there exists a constant effective learning rate
with the sequence of client updates; and catastrophic forgetting, where the model forgets

» The Parametric ablation experiment
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