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- How to training with CutMix: <ImageNet Classification>

CutMix in a Nutshell
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Q) What are the benefits of CutMix? Y = )\y A — (1 — )\)y B <Weakly Supervised Object Localization> Baselineu Mixup Cutout  CutMix
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esNet- - - <Ablation Study on CIFAR-100>
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Motivation and Related Works - Classification problem is changed to finding “what”, “‘where”, ResNet-50 + CutMix 54.8 473 — 83f6) 96f3)
- Goal: to learn generalizable and localizable features. and “how large” the objects in image. \ CutMix 8.6 970
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- Comparison with previous works: , , Fixed-size CutMix 850 969
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<Transfer Learning with CutMix-pretrained Model>
Backbone Pascal VOC Detection MS-COCO Detection Image Captioning
Network SSD Faster-RCNN Faster-RCNN NIC
(mAP) (mAP) (mAP) (BLEU-4)
ResNet-50 (Baseline) 76.7 (+0.0) 75.6 (+0.0) 33.3 (+0.0) 22.9 (+0.0)
Mixup-pretrained 76.6 (-0.1) 73.9 (-1.7) 34.2 (+0.9) 23.2 (+0.3)
Label Dog 1.0 Dog 1.0 Dog 0.5 Dog 0.6 | CAM for | Cutout-pretrained 768 (+0.1)  75.0 (-0.6) 34.3 (+1.0) 24.0 (+1.1)
Cat 0.5 Cat 0.4 St. Bernard [ CutMix-pretrained 77.6 (+0.9)  76.7 (+1.1) 35.2 (+1.9) 24.9 (+2.0) |
- Unlike Cutout, CutMix uses all input pixels for training. .
N _ T _ Conclusion
- Unlike Mixup, CutMix presents realistic local image patches. CAM for - _ -
Poodle - Need a strong classifier”? — Apply CutMix to your classifier.
oodle
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- Better pretrained model? — Download CutMix-pretrained model.



https://github.com/clovaai/CutMix-PyTorch

