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Abstract ; Network operation and maintenance plays an irreplaceable role in giving full play to the potential of network. The monitoring

and maintenance of network critical performance is particularly important. Automatic detection of anomalies in network KPI by intelligent

methods can greatly reduce the labor cost and improve the efficiency of network operation and maintenance. Manual methods to annotate
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anomalies in network KPIs are difficult and time—consuming, so unsupervised learning anomaly detection is becoming the main method to
solve such problems. We propose an unsupervised detection model , AAE-AD, which is based on the adversarial autoencoder AAE , which
can automatically detect the anomalies in network KPI,so as to analyze and troubleshoot network faults. In AAE-AD,the missing value
is filled by the KNN, and the autoencoder network and the discriminator network are trained alternatively to capture the distribution pattern
of normal data. The abnormal score is calculated by combining the reconstruction error of the autoencoder network and the discriminator
network’ s discrimination ability. The experiment shows that the AAE—AD model is superior to other unsupervised anomaly detection
models in terms of the optimal F score and AUC.
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