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Figure 4. Object detection performance when initial checkpoints
are pre-trained on different subsets of JFT-300M from scratch.
x-axis 1s the data size in log-scale, y-axis is the detection per-
formance in mAP@][.5,.95] on COCO minmival* (left), and in
mAP@.5 on PASCAL VOC 2007 test (right).
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