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[ Abstract] Aiming at the problem of deep neural network speeding up training on distributed multi-machine and multi-
GPU , this paper proposes an implementation method of remote multi-GPUs calls based on virtualization. The distributed
GPU clusters deployed by remote GPU calls improve the traditional one-to-one virtualization technology and change the
location of the deep neural network for parameter exchange during distributed multi-GPU training, achieve the
compatibility between the two. The method utilizes the remote GPU resources in a distributed environment to speed up the
training of deep neural networks, and reaches the unification of CUDA programming modes of single GPU and multi-
GPU. Taking handwritten numeral recognition as an example ,experiments are carried out on the parallel training of multi-
GPU and multi-GPU data in the deep network of general network environment, results verify the effectiveness and
feasibility of the method.
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