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Motivation

Experiments
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Classification accuracy for domain adaptation methods on digits datasets. The unsupervised setting (U) uses all the images in the target
domain. The supervised setting (S) uses 10 labeled samples per-class from the target domain.
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Results of office31 experiments. d-SNE with ResNet-101 base network achieves the best results with only 3 samples in the target domain while
d-SNE with VGG-16 base network outperforms the baselines in the majority of cases.
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