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Inspiration from Object Co-segmentation task
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ymg g g J g . . . @
(Li et al.[2] & Chen et al.[3]). Objective functions :
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abstract features and to suppress background features. 5 Enhanced attention Misalignment errors Accessories (umbrella) Partial occlusion
© Co-segmentation masks pave way towards “Interpretable” deep o Liripter(La, L, 1) = max{D (f1,, f1.) = D (frp, f) +m, 0 (2)
learninge. . T4, 1,1 are the anchor, positive and negative examples respectively & m = margin.
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Code: https://github.com/InnovArul/vidreid_cosegmentation
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