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= Test Data — LFW (Labeled Faces in the Wild)

Each of 10 folders consists of 300 intra pairs and 300
extra pairs (Total: 6,000 pairs).
10-fold cross validation
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7. Conclusion

= Proposed Loss functions to learn a discriminative
feature is effective.
* The proposed method is more efficient

Small number of data — only 198,018 images
Only 4 different deep network models are used

Accuracy: 99.08% (Score-level Fusion)

* The proposed method is useful when the amount of
training data is insufficient to train DCNNs.
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