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Efficient Weight Initialization of Convolutional Neural Networks
based on the Effectiveness for Target Tasks
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Abstract: Deep convolutional neural networks (DCNNs), recently known as one of the “deep learning,”
have a strong influence on the initial state of parameters to its performance. In our previous study, we have
proposed a feature transfer method, which gives an efficient initial state appropriate for the assigned tasks,
and have investigated that the effectiveness of the initial state depends on the tasks. In this paper, we pro-
pose a novel DCNN’s weight initialization method which regards the efficiency of the given task and works
fastly. Our proposed method calculates effective initial weights which represent the salient feature expressions
in the input space without training of entire DCNNs in one-shot. In the experiment, we compared model
performances between conventional initialization method and our proposed one and investigated significant
improvements of the proposed method for some recognition tasks.
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