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Objective
To introduce a novel technique that prunes and compresses a
Neural Network, thus optimising its structure to make it run
efficiently during the inference stage, while maintaining close to
state-of-the-art accuracy.
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Motivation
In recent years, we have seen the explosion of increasingly deep neural
networks which achieve start-of-the-art results in the area of computer
vision, among others. The rapid growth of deep convolutional neural
networks is due to hardware developments in the form of powerful
GPUs, software developments in the form of stochastic gradient descent
and new network architectures, and the public availability of large
labelled datasets such as the ImageNet Classification tasks.
However, because deep CNNs rely heavily on powerful GPUs and
consume a great deal of memory, their practical uses may be limited.
AlexNet {1} has about 61 million parameters and needs over 200 MB of
storage, and VGG16 has 138 million parameters requiring 500 MB. The
more parameters the model has, the more memory it consumes and the
more energy is needed during inference. This is particularly important
when these networks are deployed on mobile devices, while memory
demand is the key resource for usage on the cloud. Inference time can
be just as important as accuracy for online image recognition where
thousands of images per second may require analysis. We show that
by compressing/pruning the network we can greatly reduce the number
of parameters, leading to a significant reduction in the number of FLOPs
(which is directly associated to inference time).
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There are two general approaches to compressing a network: during
training {2} or after training {3}. Our proposal, called Pulse-Net, falls in
the first group.
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Conclusions and Future Work
Pulse-Net shows it is 75% more robust to adversarial attacks. This is due to the
reduced number of parameters that can be attacked.
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We proposed a novel deep CNN pruning method called Pulse-Net,
which compresses a network during training to create a more efficient
model for inference. The proposed compression method shows
significant improvements in storage, inference timings and energy
efficiency, as well as greater robustness under adversarial attack.
In future work we would like to explore different metrics for pruning, as
well as removing filters in other types of networks like ResNet. In
addition, we believe research into pruning the depth of networks as well
as the width, using Pulse-Net, would be an interesting expansion of the
work.

