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Domain adaptation
leveraging the prior knowledge from source domain on the similar task
of target domain and alleviating the affect of manual labeling.

\ the label of the target data is unavailable

Unsupervised domain adaptation
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Domain-invariant space has a good
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Maximizing the consistency
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- Object recognition

Office-Caltech dataset

* Four domains

* Features
* Bag-of-SURF

* Classifier
¢ 1-NN

Amazon (A)

Gongetal. 2012
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- Sentiment adaptation

Multi-domain sentiment dataset

* Four domains

* Features
* Bag-of-SURF

e Classifier
e 1-NN
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- Convergence analysis

Accuracy (%)
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