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Deep Metric Learning learns a small dimensional feature representation from input data points which has a

geometry same as the input data points, in where the distance between similar data points are small and the

distance between dissimilar datapoint are large. Therefore, it has been widely used in a variety of tasks like

image retrieval and person re-identification. However, it requires to sample some kind of input data points to

calculate similarity and dissimilarity to optimize itself but getting difficult to find efficient variations by hard

example mining during its training. In this paper, we propose a novel deep metric learning method which is

optimized by a loss function with generated virtual adversarial similar point and a metric loss and evaluate its
performance in the Zero-shot learning benchmark with CUB-200-2011 and CARS-198 datasets.
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