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Abstract: To pursue higher accuracy, the structure of deep learning model-is getting more and more complex, with
deeper and deeper network. The increase in the number of parameters means that more data are needed to train the
model. However, manually labeling data is costly, and it is-not easy.to collect data in some specific fields limited by
objective reasons. As a result, data insufficiency is.a/very.common problem. Data augmentation is here to alleviate
the problem by artificially generating new data. The success of data augmentation-in. the field of computer vision
leads people to consider using similar methods on sequence data. In this paper, not/onlythe time-domain methods
such as flipping and cropping but also some augmentation methods in frequency domain are described. In addition
to experience-based or knowledge-based methods, detailed descriptions on machine learning models used for automatic
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data generation such as GAN are also included. Methods that have been widely applied to various sequence data

such as text, audio and time series are mentioned with their satisfactory performance in issues like medical diagnosis
and emotion classification. Despite the difference in data type, these methods are designed with similar ideas. Using

these ideas as a clue, various data augmentation methods applied to different types of sequence data are introduced,

and some discussions and prospects are made.
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Fig.1 Data augmentation methods applied on time series
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Fig.2 Data augmentation on frequency domain
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Fig.3 Data augmentation on log Mel spectrogram
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Fig.4 Abnormal label expansion
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Table 2 Comparison of augmentation methods for audio data
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Fig.7 Flow chart of data augmentation on sequence data
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