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Problem Setup: Distributed Training MindFlayer SGD MindFlayer vs. Rennala: Theory and

We address the nonconvex optimization problem: Worker 1 Worker 2 Worker 3 Expe riments

mianRd {f(x) — £§~’D [f(g;, é’)] }, D GE In this setting, Ren_nala’s time complfexity is a.u random variable depend.ing

on the random variable Tg representing the time to collect a batch of size B
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heavy-tailed distributions, with t; selected as the median or optimized via L-BFGS-B [2].

Algorithm 1 MindFlayer SGD
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[2] Ciyou Zhu, Richard H Byrd, Peihuang Lu, and Jorge Nocedal. Algorithm
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e Minibatch SGD: A classical method that processes gradients in parallel degrade significantly.
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