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MOTIVATION ANALYSIS

o e Previous CNNs use fixed scaling policies. y. y. < y.

e We learn dynamic scaling policies from data. AV IX7 Vi

Difference in scale activations P __ Distribution of
All 17 layers of ResNext50-Elastic high scales low scales Elastic improvements
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PYRAMIDS VS. ELASTIC ANALYSIS RESULTS

Single scale Image Pyramic Loss Pyramid Feature Pyra/mid Filter Pyramid Elastic e Which category requires more detail? e ImageNet classification
Loss Loss
Loss {' | oSS /1.{ i Loss Model Params FLOPs T()p-l TOP-S
L0ss /i / e V4 E;a;;;c igh e——— DLA-X60" 17.6M 3.6B 2192  6.03
/J_ 47 7 A Scales DLA-X60+Elastic 17.6M 3.2B 21.25 5.71
iz ,, iz e v L A . DLA-X102 26.8M 6.0B | 21.5
/ oz A = gA / 5 DLA-X102+Elastic 050M  60B | 2071 5.8
7 / = - / 2 > ResNeXt50" 25.0M 42B | 2223  6.25
20e '”‘age 'mage mage — o ResNeXt50+Elastic 25.2M 4.2B 21.56 5.83
= SE-ResNeXt50" 076M  42B | 21.87  5.93
2 SE-ResNeXt50+Elastic 27.8M 4.2B 21.38 5.86
IMPLEMENTATION DYNAMIC SCALING POLICIES 'é ResNeXt101" 140M  80B | 2118  5.83
- ResNeXt101+Elastic 44 .3M 7.9B 20.83 5.41
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ResNeXt.50 Il o Categories DLA-X60+Elastic 71.35 75.77
] L Fop 1 e Does ELASTIC generalize to out-of-distribution scales? Eesieﬁgg* . ;(1)-(1)3 ;‘5123
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