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Results on the Office-31-CI and ImageNet-Caltech-CI datasets Experlments

Method U I SE Office-31-CI ImageNet-Caltech-ClI
A—D A—W D—A D—W W—A W—D Avg. C—l [—-C Avg.
ViT-B X X X 82.4 80.0 70.8 83.1 75.1 87.4 79.8 82.7 78.6 80.7
CIDA* (ECCV20) X v v 70.4 64.5 48.1 95.1 52.7 08.8 71.6 69.3 49.2 59.2
ProCA-B (ECCV22) v v X 93.4 91.9 73.0 08.3 77.6 09.2 88.9 91.6 84.0 87.8
PLUE (CVPR23) v X v 74.5 74.6 70.3 85.7 70.5 80.1 76.0 82.4 70.6 76.5
TPDS (1JICV23) v X v 78.1 74.6 71.1 90.3 69.7 91.9 79.3 85.0 68.0 76.5
LCFD (Arxiv24) v X v 51.6 53.9 48.3 61.2 44 .4 86.8 57.7 77.4 66.9 72.2
DIFO (CVPR24) v X v 83.4 80.2 66.9 91.7 68.1 01.5 80.3 62.2 60.6 61.4
LEAD-B (CVPR24) v X v 02.3 02.2 76.8 08.1 76.3 100.0 89.3 89.2 53.0 71.1
GROTO (Ours) v v v 99.4 99.0 81.3 99.0 81.3 08.1 93.0 92.5 83.1 88.8

Results on the Office-Home-CI dataset
Method u CcI SF| A—-C A—»P A—-R C—-A (C—»P C—R P—-A P—-C P—-R R—+A R—C R—P Avg
ViT-B X X X 53.2 77.7 82.1 69.1 76.6  78.7 67.8 50.8  82.1 73.0 50.2 81.8  70.3
CIDA* (ECCV20) X v / 32.2 459 49.1 36.5 486  46.6 516 335 590 64.0 380 65.1 475
ProCA-B (ECCV22) v vV X 60.5 88.0 92.9 83.3 89.7 91.0 81.7 57.1 94.1 86.9 55.8 929 81.2
PLUE (CVPR23) v oo X v 28.8 67.9 72.5 60.5 67.5 73.4 59.6 29.2 74.2 61.2 37.6 72.6 58.8
TPDS (1JICV23) v X /| 405 63.5 69.0 64.7 67.3 68.7 63.8 408 715 68.2 294 658 594
DIFO (CVPR24) v o X v 447 62.6 61.5 54.1 59.8 61.6 53.7 37.6 65.2 58.4 433 7.5 55.0
LEAD-B (CVPR24) v X v 33.9 81.8 86.9 76.1 82.4 84.8 74.0 19.2 87.3 79.7 15.2 84.3 67.1
LCFD (Arxiv24) v oo X v 54.7 72.2 79.6 67.7 72.3 76.6 67.2 52.6 79.6 71.5 35.3 76.3 68.8
GROTO (Ours) v v /| 657 86.4 89.7 85.8 86.3 90.0 86.0 671  90.1 86.9 66.2 89.3 825
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* Experiments on three benchmark datasets and the visualizations show that our GROTO algorithm outperforms current state-of-the-art methods.
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