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[Abstract]

Auto-Encoders (AE), a type of unsupervised learning model, have been used in various applications such as dimensionality
reduction, feature extraction, and anomaly detection. However, AEs’ performance deteriorates when dealing with training data that
have a high degree of overlap between clusters in the data space. In this study, we investigated this problem by experimenting
with designing the first hidden layer of the AE to have a larger dimension than the input layer. We analyzed the effects of this
approach on training data with a high degree of overlap between clusters. The experimental results showed that as the degree of
overlap between clusters increased, AE performance improved when the dimension of the first hidden layer was increased.
Additionally, by applying the features the AE extracted to a classification problem, we found that the performance was higher
when the hidden layer was expanded.
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