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Large-scale noisy image training system based on Sunway high performance computer

LIU Rui, WANG Rui, ZHOU Yucong, LIU Yi
Sino-German Joint Software Institute, Beihang University, 37 Xue Yuan Road, Haidian, Beijing, 100191, China

Abstract: A precise large-scale dataset is crucial for supervising the training of deep neural networks (DNNs). However,
manually annotating large-scale dataset is time-consuming and expensive. In practice, there are cheap but imperfect surrogates
for automatically collecting and annotating massive images from the web, especially for images recognition tasks. This brings
two problems: those annotations from the web are often inaccurate, and the large number of images involves large amount of
computation on training. In this paper, we designed a large-scale noisy image training system based on Sunway TaihuLight
supercomputer and implemented it using the Caffe framework. The system utilizes parallel processes as well as data prefetching
to exploit computing power of the Sunway supercomputer. In addition, the system employs the mutual calibration training
method to reduce the impact of noisy labels. Experimental results show that the system can greatly reduce the training time and
has good scalability.
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Fig.2 The architecture of MCT system based on Sunway TaihuLight platform
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Table 1 Performance of training system vs. GPU
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Table 2 Correctness verification of training system
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