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Abstract: Aiming at the problem that a large number of unknown protocols exist in the Internet, which makes it very dif-
ficult to manage and maintain the network security, a classification and identification method of unknown protocols was
proposed. Combined with the autoencoder technology and the improved K-means clustering technology, the unknown
protocol was classified and identified for the network traffic. The autoencoder was used to reduce dimensionality and se-
lect features of network traffic, clustering technology was used to classify the dimensionality reduction data unsupervised,

and finally unsupervised recognition and classification of network traffic were realized. Experimental results show that
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the classification effect is better than the traditional K-means, DBSCAN, GMM algorithm, and has higher efficiency.
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