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DNN Compaction Method Eliminating Zero Weight Coefficients
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Multilayer neural networks for deep learning, or so-called deep neural networks (DNNs), deliver superior performance in various applications including
image recognition. However, as DNNs often tend to increase in scale and complexity, requiring higher processing performance, it is difficult to implement
applications using them on edge devices with limited computation power and memory capacity.

While investigating how to make such large-scale DNNs more compact, the Toshiba Group discovered a phenomenon in which a portion of the large
number of weight coefficients of a DNN automatically converge to zero when training a DNN under general conditions. In cooperation with the Institute
of Physical and Chemical Research (RIKEN), we have elucidated the principle of this phenomenon and developed a DNN compaction method to reduce
the volume of data in a DNN by eliminating those zero weight coefficients after training. Experiments on image recognition using open datasets have
verified that this method achieves a reduction in the weight coefficients of a DNN of more than 80% compared with conventional methods while main-

taining recognition accuracy.
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Schematic diagram of neural network structure
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Example of changes in sum of squares of weight coefficients when
training DNN
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Rectified linear unit (ReLU) used for activation function
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Comparison of convergence speed of weight coefficients obtained
by momentum stochastic gradient descent (mSGD) and adaptive
moment estimation (ADAM) methods
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Flow of DNN compaction processes
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Results of experiments on handwritten digit recognition using Mixed
National Institute of Standards and Technology (MNIST) dataset
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Results of experiments on object recognition using Canadian
Institute for Advanced Research (CIFAR)-10 dataset
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