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Abstract: In recent years, methods utilizing deep learning have been widely adopted in Shogi AI. Many of these Als employ the
use of ResNet, a learning network that incorporates skip connections for each layer. However, a limitation of ResNet is its inability
to directly compare feature maps beyond the preceding layer. In this study, we explore the use of DenseNet, a learning network
that connects with all previous layers, and compare its classification accuracy and inference performance with ResNet.
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