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Method of accelerating deep learning with
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Abstract

When using GPU to train deep learning models with large-scale dataset, the data loading and preprocessing stages often
decrease overall performance notably. Lots of GPU computing resources are wasted on waiting for loading data from
remote storage. Firstly, the methods of accelerating deep learning training with container and distributed cache were
introduced. The architecture and initial optimization of such training system, which was implemented with Alluxio
and Kubernetes, were introduced as well. Secondly, the task and data co-located scheduling (TDCS) and the co-
located scheduling policy were elaborated. Thirdly, TDCS was implemented in Kubernetes cluster, which made the

acceleration result more extensible. Finally, the result of training ResNet50 image classification model on 128 NVIDIA
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V100 GPU devices demonstrates that the proposed methods can bring 2 to 3 times speed up comparing with load data

from remote storage directly.
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