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0 ABSTRACT O

Recently, researchers have focused their attention on deep learning techniques,
because its ability to deal with high-dimensional and non-linear data. On the other hand,
machine learning algorithms outperformed deep learning algorithm for small size data set.
In our research we applied eight machine learning algorithms and seven deep learning
algorithms to the NSL-KDD dataset, this data set characterized by nonlinearity, high
dimensions, and small size. We got the best value for the machine learning algorithms
A£,Y49% for accuracy and 44,343% for performance, for deep learning algorithm, we got
AY,YA% for accuracy and 4V, Y47 for performance. From the results of our experiments, we
proven superiority machine learning algorithms on deep learning algorithm for NSL-KDD
dataset, thus outperforms the deep learning algorithms for the small-sized, high-dimensional,
and non-linear dataset.

Keywords: machine learning, deep learning, detect web attacks.
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