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Recently, residual networks (ResNets) and their improvements, such as stochastic regularization, have proven
to be able to reduce overfitting during training processes. In this paper, we propose two stochastic models which
combines stochastic regularization and attention mechanism. The two models are based on ShakeDrop, combining
either SENet or Stochastic Depth with ShakeDrop itself. Both of our methods were able to improve existing
ShakeDrop results on CIFAR-100.
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ShakeDrop 13.16 66.8

ShakeDrop and ResDrop 12.76 63.0

ShakeDrop after SENet 12.42 77.9

ShakeDrop before SENet 12.83 76.8
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