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loU induced loss. It resolves the loss inconsistency by aligning model learning and illustration of the square-like problem (bottom).
» Peer method comparison.

with accuracy metric and thus naturally improves the model. > GWD has the following properties to solve all the problems in Figure 1:
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> Most of the loU-based loss can be considered as a distance function. >~ The Wasserstein distance between two probability measures can be > AP on different obiects and mAP on DOTA
Inspired by this, we propose a new regression loss based on Wasserstein expressed as fellow: on airrerent objects and MAKF on -

METHOD BACKBONE MS  PL BD BR GTF SV LV SH TC BC ST SBF RA  HA SP HC | MAPs
: : : : : _ : : ICN (AZIMI ET AL., 2018) R-101 v B1.40 74.30 47.70 70.30 64.90 67.80 70.00 90.80 79.10 78.20 53.60 62.90 67.00 64.20 50.20 | 68.20
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