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FPN Architecture
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Data augmentation:

Scaling: 0.5x — 2.0x Crop: 0.9x — 1.0x (max 800x800) Color augmentation [1]



ResNeXt-FPN Training Details

Data augmentation:

Scaling: 0.5x — 2.0x Crop: 0.9x — 1.0x (max 800x800) Color augmentation [1]
Train stats:

* training time: 27 hours (8 P100 GPUs)
* per GPU memory usage: 14.5GB

* batch size: 16 (2 x 8 GPU)

* pretrained on ImageNet-5k [2]
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ResNeXt-FPN Take-Away

* Winning entry in COCO stuff 2017 competition

Team name mloU fIoU mACC pACC mloUS fIoUS mACCS pACCS
ResNeXt152-FPN 28.80% 55.70% 42.30% 69.20% 56.20% 68.70% 70.30% 80.50%
G-RMI 26.60% 51.90% 40.40% 65.40% 52.40% 64.70% 67.80% 77.40%
Oxford Active Vision Lab 24.20% 50.60% 34.80% 66.00% 50.30% 63.60% 62.20% 77.40%
Baseline Deeplab VGG-16 20.20% 47.60% 28.20% 64.70% 45.90% 60.10% 57.00% 75.10%
Vllab 12.40% 38.90% 17.50% 57.70% 34.90% 50.70% 44.20% 67.90%
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* FPN backbone has good [accuracy|/[memory and speed| trade-off
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ResNeXt-FPN Take-Away

« FPN — unified backbone architecture for object recognition
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