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[Abstract]

In this paper, we propose adversarial domain adaptation techniques for efficient anomaly detection. The proposed method
minimizes the difference in stochastic data distribution between the two domains through adversarial learning used in generative
adversarial networks (GANs). We evaluate the anomaly detection performance of the proposed domain adaptation model by using
classification performance evaluation indicators compared to models without domain adaptation. Experiments show that the
proposed model reduces learning time by 67% compared to comparative models, shows similar performance, and shows efficient
anomaly detection performance, and unlike the learning process of transfer learning, it is effective even when target data is

relatively larger than source data.
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Table 1. LSTM layer and vector size experiment results

Lﬁygjs V:;t:r Epoch |Accuracy|Precision| Recall | AUC
15 28 0.939 | 0.719 | 0.846 | 0.899

20 68 0.967 | 0.854 | 0.906 | 0.942

2 30 36 0.962 | 0.833 0.873 0.924
50 35 0.956 | 0.789 | 0.879 | 0.923

15 76 0.969 | 0.868 | 0.886 | 0.933

20 50 0.974 | 0.888 | 0.906 | 0.945

’ 30 49 0.972 | 0.877 | 0.906 | 0.944
50 47 0.964 | 0.873 | 0.832 | 0.908
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Table 2. Experimental results by source domain variable

length
Slicing size] Epoch | Accuracy | Precision | Recall AUC
None 50 0.974 0.888 0.906 0.945
100 35 0.950 0.772 0.834 0.900
300 37 0.957 0.801 0.861 0.916
500 33 0.946 0.763 0.826 0.894
1000 120 0.962 0.855 0.824 0.903
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Table 3. Evaluating the performance of the proposed
model by vector size

Vector . Time
size Epoch |Accuracy|Precision| Recall AUC o
15 16 0.951 0.791 0.929 | 0.941 34
20 16 0.964 | 0.903 | 0.899 | 0.941 34
30 9 0.774 | 0.423 | 0.581 0.694 20
50 21 0.847 0.416 0.582 0.733 45
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Table 5. Comparison of performance results between

comparison and proposed models
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