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ImageNet Classification with Deep Convolutional Neural Networks NIPs | 2017
Very Deep Convolutional Networks for Large-Scale Image Recognition Arxiv | 2014
Deep Residual Learning for Image Recognition CVPR | 2016
CutMix: Regularization Strategy to Train Strong Classifiers with Localizable Features ICCV | 2019

Squeeze-and-Excitation Networks CVPR | 2018
CBAM: Convolutional Block Attention Module ECCV | 2018
EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks ICML | 2019
Distilling the Knowledge in a Neural Network NIPs | 2014

mixup: Beyond Empirical Risk Minimization ICLR | 2018
Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift ICML | 2015
RandAugment: Practical automated data augmentation with a reduced search space CVPR | 2020
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