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[Abstract]

Recent deep learning architectures has been adopted to effectively share the heavy workload over multiple nodes. Since each node is
learning with a subset of data or models in such multiple node architectures, however, continuous synchronization between nodes is
required to maintain consistency to manage global learning model parameters, and thus, learning time and accuracy are significantly
affected by synchronization techniques. In this paper, we propose a DTSSP (dynamic threshold stale synchronous parallel) method which
utilize local parameter cache and dynamic threshold based on real-time learning progress ratio (LPR), and evaluates the performance with
those of other methods. The method significantly reduces synchronization overhead and network overhead resulting from large-scale

parallel learning methods.
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Table 1. Learning Time Reduction with the Number of
worker threads

thread 4 thread 8 thread 16
DTSSP / BSP -3.65 % 931 % -18 %
DTSSP / SSP -1.49 % -8.52% -14.72 %
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thread 4 thread 8 thread 16
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