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Domain adaptation has raised a lot attention in recent years especially in the field of cross-
domain sentiment classification. The traditional approach is to find the same feature representation of
the source domain and the target domain, or map the source and target domain in a high dimensional
space, so that the target domain features are closed to the source domain to achieve domain adaptation.
However, because these methods directly transfer the network weights learned from source domain to
the target domain, they do not take into account the hierarchical nature of text feature extraction in the
network. Based on these reasons, we proposed a hierarchical transfer function based on the VDCNN to
explore these questions: (1)how many layers can be transferred in cross domain sentiment classification.
(2) which layer get best transferring features. (3)weather different domain get same transferability. The
experiments on two different datasets demonstrated that documents features have hierarchical character.
The first three layers have the best transferability. Different domains have same layers for transferring and

the accuracy be further improved when fine-turn after the transfer

Keywords: Domain adaptation; TVDCNN; cross domain sentiment classification
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