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Abstract; It’ s difficult to regulate the encrypted traffic from the content, but it is an important target to regulate the illegal data and

sensitive information. Current researches on the encrypted traffic identification are more for specific encryption protocol ,mainly through

port information, load characteristics and flow characteristics. The implementation premise of these methods is that the encryption

protocol is known. There is not a general method for the encrypted traffic identification. The technology of encrypted traffic identification

gorithm can get above 80% for encrypted traffic identification.

is analyzed, followed the " randomness feature — protocol independent identification" research idea by analyzing the encrypted traffic
a multi—task feature learning formulation is proposed to identify encrypted traffic, which captures the intrinsic relatedness among different

inherent attribute information,and a general method of encrypted traffic identification is studied. Utilizing the randomness characteristics,

tasksby a €, ; —norm regularized multi-task feature learning model. Experiment shows that the identification accuracy of the proposed al-
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