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Recently, the new machine learning algorithms called Deep Learning has attracted attention. However, they have not been

applied to the tasks of Web, such as Recommender System. This is because difficulties in learning sparse data and handling

of data which contain missing values. In this study, we propose a recommendation technique that can learn users’ preferences.

The key idea of proposed method is to remove the effects of fluctuations in the preferences of each user/item before applying

Deep Learning. This paper provides finding that it is necessary to centralize preference data when recommender system tries

to learn from data that is sparse and contain missing values.
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