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0 val val val val val
Model #Param. FLOPs Size AP APLS APE APy APY7

YOLOv4 64.4M 142.8G 640 497%  682%  543% 329%  54.8%
YOLOR-u5 (r6.1) 46.5M 109.1G 640 502%  687%  54.6%  332%  555%
YOLOv4-CSP 52.9M 1204G 640 503%  68.6% 549% 342%  55.6%
YOLOR-CSP 52.9M 1204G 640 50.8%  69.5%  553%  33.7%  56.0%
YOLOv7 36.9M 107G 640 51.2% 69.7% 55.5% 352% 56.0%
improvement -43% -15% - +0.4 +0.2 +0.2 +1.5 =
YOLOR-CSP-X 96.9M 226.8G 640 527% 1.3% 574%  363% 57.5%
YOLOvV7-X 71.3M 189.9G 640 529% 71.1% 575% 369% 57.7%
improvement -36% -19% - +0.2 -0.2 +0.1 +0.6 +0.2
YOLOv4-tiny 6.1 6.9 416 249%  421% @ 25.7% 8.7% 28.4%
YOLOV7-tiny 6.2 5.8 416 352% 528% 373% 157%  38.0%
improvement +2% -19% - +10.3 +10.7 +11.6 +7.0 +9.6
YOLOv4-tiny-31 8.7 5.2 320 308% 473%  322% 109%  31.9%
YOLOvV7-tiny 6.2 3.5 320 308% 47.3% 322% 10.0% 31.9%
improvement -39% - = = = -0.9 =
YOLOR-E6 115.8M 683.2G 1280 557% 732% 60.7% 401% 60.4%
YOLOvV7-E6 97.2M 5152G 1280 559% 735% 611% 40.6% 60.3%
improvement -19% -339 - +0.2 +0.3 +0.4 +0.5 -0.1
YOLOR-D6 151.7M 935.6G 1280 56.1%  739% 612% 424%  60.5%
YOLOvV7-D6 154.7M 806.8G 1280 563% 73.8% 614% 413%  60.6%
YOLOvV7-E6E 151.7M 843.2G 1280 568% 744% 621% 408% 62.1%
improvement = -11% - +0.7 +0.5 +0.9 -1.6 +1.6
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