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Group stochastic gradient descent: A tradeoff
between straggler and staleness
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Abstract: Distributed stochastic gradient descent(DSGD)is widely used for large scale distributed machine
learning. Two typical implementations of DSGD are synchronous SGD (SSGD) and asynchronous SGD
(ASGD). In SSGD, all workers should wait for each other and the training speed will be slowed down to
that of the straggler. In ASGD, the stale gradients can result in a poorly trained model. To solve this
problem, a new version of distributed SGD method based named group SGD(GSGD)is proposed, which
puts workers with similar computation and communication performance in a group and divides them into
several groups. The workers in the same group work in a synchronous manner while different groups work
in an asynchronous manner. The proposed method can migrate the straggler problem since workers in the
same group spend little time waiting for each other. The staleness of the method is small since the number
of groups is much smaller than the number of workers. The convergence of the method is proved through
theoretical analysis. Simulation results show that the method converges faster than SSGD and ASGD in
the heterogeneous cluster.
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