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Appearance-based Complex-Attributes Learning for Fine-Grained Recognition

Song Fengyi, Hu Tai, Yang Ming
(School of Computer Science and Technology. Nanjing Normal University, Nanjing, 210023, China)

Abstract: Visual attribute as an inter-mediate representation is exploited in many applications due to its
semantic understandable and generalization. However, attribute learning need great manual effort for
choosing attribute taxonomy and labeling attributes instance, which inevitably introduces human bias and
leads to weak discriminant ability of attributes, especially for fine-grained recognition where high discrim-
inant ability is crucial for recognizing subtle distinctness. Motivated by human cognition and the fact of
multi-mode distribution of object, the proposed complex attributes try to model the distribution of object
explaining various appearance factors and finally forms a distributed representation with better describa-
ble and discriminant ability, which will competent for handling high discriminant requirement for fine-
grained recognition. Some experiments are conducted on publicly available fine-grained datasets CUB.
Results show it has better performance than the handcrafted attributes and also holds simple category dis-
criminant attributes.

Key words: attribute learning; complex attribute; distributed representation; fine-grained recognition
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