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The Problem Robust Aggregation

Nonconvex distributed optimization problem:

¢ Improved complexity bounds: Two new Byzantine-robust methods with unbiased

compression: Byz-VR-MARINA 2.0 and Byz-DASHA-PAGE, outperforming the previous SOTA (6’ C>_RObuSt Aggregator [2]
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Unbiased compressor P
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