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(b) Pruning

v' Reduce parameters and Flops v’ Averpooling and take softmax function
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v" Find out effectively channel importance considering all
other channels

(a) Training (c) Finetuning

v’ Prevent dropping Accuracy

Figure [1] parameters, flops top-1 accuracy on imagenet

RELATIVE DEPTHWISE SEPARLABLE CONVOLUTION EXPEREMENTS & RESULTS

Ablation Study

Convolution Comparison with state of the art
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