RIFAZAIIDEQGHERICH L TEENEISY SRR Bl

Cross—Style Weakly—Supervised Object Detection
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YOLOv2 [4] 22,5 |[16.1 55.9 13.8 5.1 4.6 455 24.4 4.4 347 107 200 42 173 492 31.8 352 1.9 189 34.6 2009

CLNet [7] 0.8 3.6 296 53 41 39 535 90 10 01 106 14 14 B85 563 1.4 1LY 45 7.9 94 35
Ensembled

(SSD+YOLOv2+CLNet)| 28.1 || 16.8 61.0 21.7 11.7 6.6 50.6 33.1 54 38.5 309 225 0.5 22.0 558 424 348 9.7 30.1 345 24.2

Proposed 34.5(/121.6 70.9 23.6 12.1 18.7 60.8 39.0 6.6 36.1 32.7 29.3 12.5 26.1 85.4 58.0 37.2 9.7 34.4 40.6 33.6

" Ensembled’ (& SSD, YOLO, CLNet 7 YT ILLEEDTHY. ' Proposed’ (774 v F1——V T EAD
%Ll BB £ OKRICALVS R H 2 LTIE SSD & YOLOV2 #RLVELDTHD
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