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Hierarchical Image Retrieval with Multi—scale Triplet Loss

YANG Meng-wei,ZHANG Suo-fei, WU Xiao—fu,ZHOU Quan

(Nanjing University of Posts and Telecommunications, Nanjing 210003 , China)

Abstract . Most existing metric learning methods aim to expand the distance of inter—class samples while reducing the distance of intra—
class samples,and such metric learning methods are less applicable at multiple semantic scales. For example, golden monkeys belong to
monkeys, which are not similar to cats, but from the perspective of mammals, golden monkeys and cats belong to the same class.
Therefore ,the main problem existing in multiple semantic scales manifests itself in the fact that a negative pair at a finer semantic scale
can be a positive pair at a coarser semantic scale, and thus distancing negative pairs at finer semantic scales compromises the class
structure at coarser semantic scales,and vice versa. For this reason, we propose a new Multi—Scale Triplet Loss (MSTL) to solve the hi-
erarchical image retrieval problem. In order to make the embedding space of each class more compact, only the classes with different
labels at each semantic scale are selected as negative samples,and a new proxy loss that is more applicable to fine semantic scales is pro-
posed. Finally,the robustness and retrieval performance of the model is further improved by assigning suitable weights to MSTL on the
existing model. Extensive experiments on three DyML datasets show that the proposed method outperforms existing popular methods.
Key words : metric learning ; multiple semantic scales ; hierarchical image retrieval ; contrastive learning ;deep learning
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