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To address the performance limitations of eXiStin@l detection methods in mining high-order dependency rela-

of attack methods, this paper proposes an intrusion detection

This method introduces a multi-head attention

learning to improve the meta-learning algorithm for identifying unknown net-
pegfpormance of unknown network attacks. In addition, this paper designs an adaptive
justs the feature extraction granularity to adapt to different types of network attacks.

sets show that the proposed algorithm has higher accuracy and F-score compared to main-

temporal convolutional neural network
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