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Client test accuracy on CIFAR-10 under Dirichlet label skew with a = 0.1 (left) and a = 0.5 (right). Results are from a single run for

each setting. Accuracy is shown on a scale from 0 to 1.

(a) Global per-class accuracy.

(b) Global teature separability.

Global model comparison on CIFAR-10 under severe label shift. Compared with FedLEC, ST-SAT improves per-class accuracy and learns more separable global feature

representations when a = 0.1.



