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Abstract : Malicious code

code detection methods hav

ctdme an important factor threatening cyber security.Machine learning —based malicious
eved good results, but often poorly in the face of similar malicious code families. In
this paper, a detection algorithm based on extrusion excitation network was proposed , which consists of Convolutional
Neural Network (CNN) and squeeze —and — excitation (SE) module. Fristly , the CNN quickly extracts the image features of
the malicious code, and the SE module carries out global average pooling of multi—channel feature map to compress the
global information, then learns adaptively through the full connection layer, and weights each channel feature graph to
represent different degrees of importance, guiding motivating or suppressing the feature information.The experimental results
show that the proposed method has a better detection effect compared with the traditional machine learning methods, and the
detection effect is improved and the number of parameters is greatly reduced compared with the deep learning algorithm.
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