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Abstract: To alleviate the problems of large memory occupation and high computational overhead in graph neural
networks ( GNN) training on large-scale graphs, sampling-based GNN training methods have been widely
applied. However. the inefficiencies in the sampling and feature transfer stages limit the training speed and
scalability of the models. In this paper., the sampling training process was divided into four stages: sampling.,
feature transfer, forward propagation, and backward propagation. After evaluation, the sampling and feature
transfer stages were found to be the primary performance bottlenecks. In multi-GPU environments. this study
proposed a series of optimization methods. In the sampling stage, the toBlockFast operator was designed and
integrated with the SampleNeighbors operator to enhance the sampling efficiency. In the feature transfer stage.
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an optimization scheme based on pinned memory was proposed and combined with multi-process and multi-stream
parallel transfer techniques to achieve efficient parallelization of feature transfer and forward computation.
Experimental results show that, in a single GPU enviroment, compared to the existing deep graph library (DGL)
methods, the proposed approach achieves a 1.52 times speedup in the sampling stage, and that the overall
training efficiency improves by 1. 80 times after the further optimization of the feature transfer stage, In a multi-
GPU environment, our solution achieves performance improvements of 1. 10, 1. 16, and 1. 12 times on 2, 4, and
8 GPU setups, respectively.
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Fig. 1 Graph neural network sampling training process diagram
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Fig. 5 Spatiotemporal diagram of feature extraction and training stage before and after optimization
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Table 2 Comparative acceleration ratios of the proposed graph optimization scheme against DGL,PyG and Graph-Learn

b GPU #¥& DGL PyG Graph-Learn e GPU ¥&= DGL PyG Graph-Learn
1 1. 11 1. 08 0.96 1 1.58 1.67 1.27
2 1.03 1. 05 0.96 2 1.05 1.21 0.95
Reddit Papers100M
4 1.06 1.24 0.95 4 1. 16 1. 54 1.12
8 1.12 1. 39 1. 17 8 1.12 1.78 1.18
1 1. 80 1. 44 1. 36 1 1. 06 0.97 1.01
2 1.10 1. 00 0.91 2 1.08 1.03 1.05
Products Yelp
4 1.12 1.18 1. 07 4 1. 05 1. 09 1.03
8 1. 10 1.25 1.09 8 1.04 1. 16 1.09
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Table 4 Comparison of training accuracy before and after sampling training optimization
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