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Abstract

In recent years, due to the rapid development, popularization and application of computers and networks,
people's lives have become more and more convenient, but they have also led to the rapid rise of information
technology crimes. Therefore, information security has become a very important issue. However, in the face of
more and more malware programs, the traditional database comparison method may cause the signature analysis
to lose accuracy due to the actions of the packed-malware program, so everyone starts to learn by machine learning
and Deep learning to classify malware, especially in a large number of categories. This paper studies the coding
part and many kinds of classification methods, and combines them to propose a malware classification framework
different from other research.
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