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Generate pseudo training data in the feature space of sequential data
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Many researches deal with the classification problem of series data including time series data using deep learning
such as Long Short-Term Memory (LSTM) and Recurrent Neural Network (RNN). Collecting and preprocessing
series data is much more expensive than other data, and it is difficult to collect and use large datasets. It is,
therefore, not possible to have enough training data for deep learning, and one approach to handle small numbers
of training data is to use data augmentation. Extending the data to series data is, however, very difficult because
it depends on the characteristics of the collected data. In this research, we also propose a pseudo training data
generation method for feature extraction and data expansion of sequence data. Feature extraction uses the LSTM
AutoEncoder to extract features from the series data and a fixed-length feature vector from the series data. Then,
the pseudo training data is sequentially generated while adding the output of the classifier to the extracted feature

amount vector.
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