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Abstract:
expression and training existed in the application of ne
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features of the detection samples were extracted

In view of high dimension, big data,

of intrusion detection data were expressed

establish the classification model of intrusy
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difficutty of @etting labeled samples, the problem of feature

valueg?

me learning machine

) LIAOQOin

in iptusién detection, an intrusion detection method based

as pteposedsin this paper. Firstly, the highest level abstract
ilayer networkstructure and deep learning method. The characteristics
Seéeondly, the Extreme Learning Machine ( ELM) was used to
ction dafay, Then, the problem that hard to obtain labeled samples was solved

by using a layer by layer unsupervis &gl methedy, Kinally, the KDD 99 dataset was used to test the performance of ML-
ELM. The experimental results show th: e ptoposedwmodel can improve the detection accuracy, and the false negative rate

of detection is low to 0.48% . The detectign speed“efin be improved by more than 6 times compared with other depth detection

methods. What’s more, the detection accufacy is still more than 85% in the case of a few labeled samples. The detection rates

of U2L attack and R2L attack are gniproved by constructing multi-layer network structure.

The method integrates the

advantages of deep learning and unsupérvised learning. It can express these features of high dimension and large data well

using fewer parameters. It alsothas a good performance in intrusion detection rate and characteristic expression.
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