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Abstract:

Using self-supervised method to detect abnormal cells, unsupervised method to cluster problem types and visually labeled
data mining ideas, the abnormal cell problem type data sets with labels are obtained. Not only label data set can be directly ap—
plied to the field of network operation and maintenance, but also the idea and methodology of mining problem type data set
can be widely extended to other fields. In addition, with the help of convolutional neural network deep learning algorithm, a
large number of expert experience is modeled, and an intelligent optimization engine is constructed to mine the depth infor—
mation which is not easily captured by human, so that network problems can be found more accurately and efficiently with
strong scalability.
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