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We often use document vectors made by some unsupervised learning method such as Doc2Vec as features when
we apply a supervised learning for documents. Unfortunately, the features may not have enough information for
the supervised learning task. The purpose of this paper is to make good features for the supervised learning task
by an end-to-end learning. In the end-to-end learning, we use the supervised loss from the supervised learning to

train Doc2Vec.
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