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Abstract

Started from the history of Al, the development and challenges of deep learning were described, the features of the next-
generation deep learning framework was introduced, the overall framework was analyzed, and the technical advantages of
auto parallel, auto differentiation, automatic tuning, as well as the performance advantages of collaborating with Ascend

processors were expanded. This article can be used as a reference for deep learning technology researchers.
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def __init__(self):
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def forward(x, y):
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