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Ly = Leg, + Dir(p2|lpr) (1)
Ly = Log, + Drr(pi||p2) (2)
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T [ Tiny/Tiny [Tiny/Small [Small/Small

Independent| 65.8/65.8 | 65.8/66.0 | 66.0/66.0
DML (ViT) | 71.6/71.8 | 69.2/73.0 | 70.5/70.5
DML (DeiT)| 69.1/69.2 | 67.8/70.7 | 68.9/69.0
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