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ABSTRACT

Recommendation systems are the ones that recommend a preferred item based on user’s preference, and
typically include a collaborative filtering method. However, collaborative filtering has a shortcoming such that
recommendation accuracy is degraded if there is no sufficient rating information assigned by users. In this paper,
we introduce a new collaborative filtering method that employs denoising autoencoder which is one of machine
learning techniques mainly used for sparse data, and show the improved recommendation accuracy. In the
proposed method, to effectively predict ratings, a linear combination of the rating average of a target user and
the rating average of a target item is considered. In other words, the rating is predicted by a weighted sum of
each rating average and each weight is learned through denoising autoencoder. The performance of our model is
demonstrated in terms of precision, recall, F-measure, and nDCG in the top-/V recommendation system. When
the MovieLens dataset is used, it is verified that the proposed method outperforms the conventional denoising
autoencoder-based collaborative filtering by up to 210% in terms of nDCG.
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