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This study proposes a multi-layer Hopfield neural network (MHNN) for semi-supervised anomaly detection. MHNN comprises
the structure of a modern continuous Hopfield network (MCHN), which is an energy-based model, and is extended so that the
energy function has a multi-layer neural network. The energy function of MHNN is used as a detection criterion for anomaly
detection. We present the gradient-based parameter update methods for MHNN training, using contrastive divergence and score
matching. To evaluate the proposed technique, semi-supervised anomaly detection experiments were conducted using ECG, UNSW
and Fashion MNIST/MNIST. The proposed MHNN showed a higher Fl-score than the single-layer MCHN and conventional
energy-based techniques. Consequently, we indicate that the proposed MHNN is a highly effective energy-based model for

anomaly detection.
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