IEEE 2017 Conference on

Semantically Consistent Regularization for Zero-Shot Recognition Computer Vision and Pattern

, Pedro Morgado Nuno Vasconcelos Recognition
UC San Dlego Statistical Visual Computing Lab, Dept. of Electrical and Computer Engineering, University of California, San Diego. -

= 1A
uly21-269 011 7

Introduction SCoRe - Semantically Consistent Regularizer Zero-Shot Experiments
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